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Use of AI techniques to extract data from CAD drawings
To create a COW (Crude Oil Washing) manual
RASMUS ARVIDSSON
Department of Mechanics and Maritime Sciences
Division of Marine Technology
Chalmers University of Technology

Abstract
Crude oil washing (COW) manuals require vessel-specific technical information from
drawings, questionnaires and system documentation. Much of this information is
available in documents provided by the shipyard, but it is distributed across drawing
pages, tables, labels and diagram regions, making manual extraction time-consuming
and sensitive to missing or inconsistent source material. This thesis asks to what
extent AI-based techniques can support the production of COW manuals from CAD-
derived drawings and related technical documents with varying formats, layouts
and information content. Confidential source documents, complete page images,
full OCR output and system-connectivity information were processed locally. Only
selected metadata and bounded excerpts assessed as insufficient to reconstruct a
drawing or its connection logic were made available to a cloud-based large language
model (LLM).
The work implemented a multi-stage pipeline for page categorization, text extrac-
tion, token-level semantic labelling, structural page analysis, target-region detection,
retrieval and LLM-assisted draft generation. The source material described in the
dataset appendix contained 32 project entries from anonymized Chinese and Ko-
rean shipyards. The pipeline combined direct PDF text extraction, OCR, TF-IDF
page-category scoring, rules, dictionary matching, LayoutLMv3 token classification,
YOLO-based page-content and target-region detection, YAML-guided search and
an evidence-controlled LLM workflow with local preprocessing.
The final page-category model classified 64 of 67 validation pages correctly, corre-
sponding to 95.5 % accuracy. The final directed-search retrieval reached 96.5 %
validation box recall, 94.4 % page recall and 66.5 % candidate precision. In a one-
project proof-of-concept case study, the workflow generated a draft of the cargo
oil system section and an LLM-generated questionnaire. Of the 24 questionnaire
fields, 11 were supported by the available evidence and 13 remained unresolved.
The draft included the system family, tank arrangement, main cargo oil pump data,
major pipe dimensions and stripping-system information, while control, monitoring,
heating and several operational fields were omitted or marked for review. The case
study demonstrates workflow feasibility but does not estimate generalization to new
projects.
The results show that AI methods can support parts of COW manual production,
particularly evidence location, structuring and preparation of a traceable first draft
on the evaluated material. The system is not suitable as an autonomous manual-
generation workflow, and no conclusion can be drawn about performance on new
projects from the available LLM case study. Human engineering review and addi-
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tional structured source material remain necessary for completeness, approval qual-
ity and operational safety.

Keywords:Crude Oil Washing, Marpol Annex I, COW manual, document AI, OCR,
LayoutLMv3, YOLO, retrieval, LLM, CAD drawings, maritime engineering.
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List of Acronyms

Below is the list of acronyms used throughout this thesis, listed in alphabetical order:

AI Artificial Intelligence
API Application Programming Interface
CAD Computer-Aided Design
CAP Capacity Plan
COW Crude Oil Washing
COS Cargo Oil System
CPU Central Processing Unit
CSV Comma-Separated Values
DN Nominal Diameter
DWT Deadweight Tonnage
DWG Drawing file format
DXF Drawing Exchange Format
FPSO Floating Production, Storage and Offloading unit
GNN Graph Neural Network
GPU Graphics Processing Unit
GUI Graphical User Interface
IDF Inverse Document Frequency
IGS Inert Gas System
IGTV Inert Gas and Tank Ventilation Systems
IMO International Maritime Organization
IWBS International Work Breakdown Structure
JSONL JSON Lines
LLM Large Language Model
MARPOL International Convention for the Prevention of Pollution from Ships
ML Machine Learning
OCR Optical Character Recognition
ODME Oil Discharge Monitoring Equipment
PDF Portable Document Format
P&ID Piping and Instrumentation Diagram
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RAG Retrieval-Augmented Generation
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Nomenclature

Below is the nomenclature of indices, sets, metrics and variables used throughout
this thesis.

Indices and Sets

Symbol Description
c Class or label category
C Number of classes in a classification problem
d Document or project document set
e Expert index in a fusion model
p Page in a document
r Detected or labelled region on a page
t Token or extracted text string
C Set of page, token or region classes
D Set of project documents
P Set of pages in the processing corpus
R Set of labelled or detected information regions
E Number of experts in a fusion model

Evaluation Metrics

Metric Description
TP True positives
FP False positives
TN True negatives
FN False negatives
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P Precision, defined as TP/(TP + FP )
R Recall, defined as TP/(TP + FN)
F1 Harmonic mean of precision and recall, defined as 2PR/(P + R)
IoU Intersection over Union between predicted and reference bounding

boxes
mAP50 Mean average precision at an IoU threshold of 0.50
mAP50–95 Mean average precision averaged over IoU thresholds from 0.50 to

0.95

Model and Retrieval Variables

Variable Description
ŷ Predicted class label
y Reference class label
x Input feature vector for a token, page or region
s Score vector returned by a model or rule branch
s(rule) Score vector from the rules expert
s(dict) Score vector from the dictionary expert
s(layout) Score vector from the LayoutLMv3 expert
s(fusion) Combined score vector from the fusion layer
z Fused class-score vector
λe Scalar contribution weight for expert e

W Matrix of class-specific expert weights
g(x) Input-specific gating vector
b Bounding box coordinates for a token or detected region
q Query or target field used during retrieval

Units and Drawing Terms

Term Description
mTH Metres total head, used for pump head ratings
m3/h Cubic metres per hour, used for flow capacity
A Nominal pipe-size suffix used in several shipyard drawings, for ex-

ample 650A
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DN Nominal pipe diameter designation
PN Nominal pressure designation
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1
Introduction

1.1 Background

1.1.1 Crude Oil Washing (COW)
Crude oil is a naturally occurring fossil fuel formed over geological time and refined
into a wide range of petroleum products, including transportation fuels and petro-
chemical feedstocks ((EIA), 2026a, 2026b). It varies in composition depending on
where it is extracted. Lighter crude oils generally contain a larger proportion of
light hydrocarbons, while heavier crude oils require more extensive processing in the
refinery ((EIA), 2026b).
After crude oil is extracted from the ground it needs to be transported to a refin-
ery, except in arrangements such as FPSOs where the refinement is done on site.
Sea transport in specialized crude oil carriers is one of the main solutions where
sea access is available, although pipelines, trains and trucks are also used. Common
large crude oil tanker classes include Aframax (80-120 k DWT), Suezmax (140-150 k
DWT) and VLCC vessels (200-320 k DWT), while the largest historical ULCCs ex-
ceeded 500 000 DWT (Britannica, 2026). Following the Erika incident in December
1999, IMO accelerated the phase-out schedule for single-hull tankers, which further
reduced the long-term viability of older very large tanker designs (IMO, 2026b).
During the discharge of a crude oil tanker, two problems related to residual crude
oil build up that reduces the effective cargo-carrying capacity of the vessel generally
occur. If the crude oil is heavy and requires heating, some of the oil sticks to the
relatively cold sides of the tanks. The second is that since the oil originates from the
ground, some amount of sand is also always present and will build up as sediment.
These accumulated residues and sediment must be managed as part of tank cleaning
and stripping operations (International Maritime Organization, 2026). One effective
way to mitigate this is through crude oil washing. In this method, heated cargo is
sprayed by a tank cleaning machine onto the tank surfaces in order to heat and
liquefy the adhering oil and loosen sediment. Figure 1.1 shows an example of such
a tank cleaning machine, while Figure 1.2 illustrates the operating principle of its
rotating head. The loosened residues can then follow the cargo flow and be extracted
from the tank with the cargo pump (International Maritime Organization, 2026).
This thesis was conducted in collaboration with Scanjet, a supplier of tank-cleaning
equipment and vessel-specific COW documentation (AB, 2026b). Scanjet provided
the historical project documents and domain context used in the study.
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1. Introduction

Figure 1.1: Scanjet SC-30T tank
cleaning machine (AB, 2026a)

Figure 1.2: Working principle of a tank
cleaning machine head (AB, 2026a)
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1. Introduction

1.1.2 MARPOL Annex I
The International Maritime Organization (IMO) is an organization within the United
Nations. In 1948, an international conference in Geneva adopted a convention for-
mally establishing IMO, and Article 1(a) of the Convention summarizes its role
as providing machinery for cooperation among governments on shipping, maritime
safety, navigational efficiency and the prevention and control of marine pollution
from ships (IMO, 2026a).
IMO’s first major task was to adopt a new version of the International Convention
for the Safety of Life at Sea (SOLAS), which was achieved in 1960 (IMO, 2026a).
Although safety was and remains one of IMO’s most important responsibilities,
pollution quickly emerged as another major issue. The growth in the amount of
oil transported by sea and in the size of oil tankers became a particular concern,
and the Torrey Canyon disaster in 1967, in which 120 000 tonnes of oil were spilled,
demonstrated the scale of the problem (IMO, 2026a).
When tracing the sources of oil pollution, cargo tank cleaning also emerged as a
contributing operational source of marine pollution. MARPOL Annex I and the as-
sociated crude oil washing regime addressed this by reducing pollution from routine
tank cleaning operations. Instead of washing cargo tanks with water, applicable
tankers used crude oil as the washing medium. This reduced the generation of oily
wash water, improved recovery of cargo residues, and thereby lowered the risk of op-
erational discharges to the marine environment(IMO, 2026a; International Maritime
Organization, 2026).
These regulations also created the requirement for the supplier of tank cleaning
equipment to provide a crude oil washing manual specific to each vessel (Interna-
tional Maritime Organization, 2026).

1.1.3 Crude Oil Washing Manual
Figure 1.3 shows an example of the cover of a vessel-specific COW manual. This
graphical representation is also used in the overall workflow on the thesis cover to
identify the final manual output.
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1. Introduction

Figure 1.3: Example cover used to represent the vessel-specific COW manual in
the overall workflow.

The crude oil washing manual follows a standardized IMO format and covers the
operational and technical information required for the approved crude oil washing
arrangement (International Maritime Organization, 2026).
This manual is developed in accordance with the requirements of MARPOL Annex
I and the standard format recommended by IMO for crude oil washing operations
and equipment manuals (International Maritime Organization, 2026).
The purpose of the manual is to ensure that crude oil washing is carried out in accor-
dance with the applicable IMO requirements for the design, operation, and control
of crude oil washing systems, including IMO Resolution A.446(XI) as amended by
Resolutions A.497(XII) and A.897(21) (International Maritime Organization, 1979,
1981, 1999). The manual provides standard operational guidance in planning and
performing a crude oil washing programme and describes safe procedures to be fol-
lowed (International Maritime Organization, 2026).
A.446(XI) is the main document that governs the structure of the COW manual
by specifying both its purpose and its required contents. The revised specifications
define the main operational areas that must be addressed, and Section 7 lists the
information to be included in the Operations and Equipment Manual, such as system
description, washing procedures, stripping arrangements, ballast procedures, safety
precautions, and crew responsibilities. As a result, the COW manual is structured
around the requirements laid down in this IMO document rather than being freely
designed by the shipyard or operator. It also specifies a set of line drawings to be
included in the manual, as summarized in Table 1.1.

4



1. Introduction

Table 1.1: Drawings to be included in the COW manual.

No. Drawing content
1 Crude oil washing lines and valves
2 Cargo pumps, lines and valves
3 Ballast systems (where fitted)
4 Stripping systems
5 Position of tank washing machines
6 Position of holes for hand dipping and tank gauges
7 Inert gas deck distribution system

The manual is approved by the Administration, or on its behalf, and no alteration
or revision should be made without prior approval from the approving authority
(International Maritime Organization, 2026).

1.1.4 Questionnaire
To collect the data required to write the tank cleaning manuals, Scanjet requests
that the shipyard building the vessel fill out a questionnaire with data about the
equipment onboard, as well as, at a minimum, the drawings and system information
required by the crude oil washing manual format (International Maritime Organiza-
tion, 2026). Figure 1.4 shows a schematic example of this type of questionnaire. Its
numbered sections and tabular response fields illustrate how vessel and equipment
particulars are collected in a consistent structure before the manual is prepared. The
same representation is used for the questionnaire component in the overall workflow
on the thesis cover.

Figure 1.4: Schematic representation of a shipyard questionnaire, used to identify
the questionnaire component in the overall workflow.
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1.2 Study Material and Technical Setup

1.2.1 Source Documents
The study material consisted of technical PDF documents from completed shipbuild-
ing projects supplied for the thesis. Figure 1.5 provides a schematic representation
of the different document pages used as input to the workflow. This representation
is also used for the source-document input in the overall workflow on the thesis
cover. The document sets differed considerably in size and content. Some projects
contained only the drawings most directly related to the COW manual, while others
also contained equipment lists, supplementary diagrams, completed COW manuals
or questionnaires.

Figure 1.5: Schematic representation of shipyard document pages, used to identify
the source-document input in the overall workflow.

The source projects came from anonymized Chinese and Korean shipyards and varied
in document composition and page encoding. Capacity plans were included in only
part of the material and were comparatively rare at page level. The quantitative
dataset composition, processing split and computational environment used for the
analysis are reported together in Section 4.1.
The document encoding also varied between projects. Some PDFs contained em-
bedded text that could be extracted directly, while other files consisted mainly of
rasterized pages or vector graphics without accessible text. In some cases, original
CAD files were available and could be replotted as PDFs with embedded text. The
replotting procedure used in AutoCAD 2026 is described in Appendix C.

1.2.2 Computational Environment
All source-document extraction, model execution, indexing and retrieval were per-
formed locally on a laptop without dedicated GPU acceleration. The available
environment affected computational feasibility. The computer used for the reported
analysis and timing measurements is specified in Section 4.1.
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1.2.3 Development Support
The project-specific software developed for the workflow was written in Python
(Python Software Foundation, 2026). Codex and ChatGPT were used as develop-
ment support during implementation (OpenAI, 2025, 2026). All generated code was
reviewed, tested and adapted by the author before use in the experimental workflow.

1.3 Purpose
The purpose of this thesis is to determine whether AI-based techniques can support
engineers in producing vessel-specific COW manuals from technical documents with
varying formats, layouts and information content. The intended role is decision
support: the system should locate, structure and present relevant evidence and
assist with drafting, while the responsible engineer retains control of interpretation
and approval.
In this thesis, the term AI-assisted refers to the complete workflow, which in-
cludes document processing, classification, computer vision, information retrieval
and drafting. A large language model (LLM) is used specifically for question-
naire completion and manual drafting; these stages are therefore described as LLM-
assisted.

1.4 Research Question
The purpose of the study is operationalized through one overarching research ques-
tion:

Research question
To what extent can AI-based techniques support the production of COW
manuals from CAD-derived drawings and related technical documents with
varying formats, layouts and information content?

1.5 Limitations / Demarcations
The purpose of this thesis is not to produce a ready-to-deliver COW manual. In-
stead, the work is a pre-study intended to evaluate what this technology can cur-
rently accomplish and to identify its present limitations.
The study is therefore limited to assessing feasibility and to quantifying the accuracy
of the extracted and structured information on the available material. The LLM-
assisted drafting stage is a one-project proof-of-concept case study and is not an
independent estimate of performance on new projects.

1.5.1 Data confidentiality and handling restrictions
The project was conducted under the confidentiality conditions defined in the thesis
agreement with Scanjet (AB, 2025). These conditions restricted the disclosure and
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external processing of confidential drawings, documents and project data. Confi-
dential source documents and information capable of revealing complete drawings
or system connectivity were therefore processed only within the Scanjet-controlled
environment. This requirement shaped the system architecture: document interpre-
tation was performed locally, while only minimized metadata and excerpts assessed
as insufficient to reconstruct the source drawings or their connection logic could be
supplied to the cloud-based LLM. All material included in this thesis was separately
screened to exclude, anonymize or obtain approval for confidential information be-
fore submission.
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2
Theory

This chapter presents theoretical and technical background on digital engineering
documents and AI-based document analysis.
In addition to document-related background, the chapter introduces basic machine
learning concepts to establish a common foundation for readers in marine technology.
The methods used in the implemented workflow include direct PDF text extraction
and OCR; TF-IDF, dictionary-based and fuzzy matching; LayoutLMv3 and multi-
expert fusion; YOLO-based object detection; and a customized retrieval-augmented
generation (RAG) workflow with an LLM agent for questionnaire completion and
draft generation. The chapter also introduces file formats, engineering-document ter-
minology, evaluation metrics, embeddings and multimodality as background needed
to understand these methods. Related approaches that were not implemented, such
as graph neural networks, are included where they help explain alternatives and
possible future development.

2.1 Document Formats and Representations

2.1.1 File formats
Engineering-document workflows use different file formats for drawings, metadata
and machine-readable instructions. The information may be represented as text,
vector graphics, raster graphics or a combination of these forms.

Text formats Plain text is commonly encoded using Unicode UTF-8, which sup-
ports characters from different writing systems as well as special symbols (Wikipedia,
2026c). Text files can also contain syntax that provides additional structure. JSON
Lines (JSONL) stores structured data as separate JSON records, normally with
one record per line (Lines, 2026). Markdown uses lightweight markup to describe
elements such as headings, lists and tables (Wikipedia, 2026b). YAML is a human-
readable data-serialization format that represents mappings, lists and scalar values
and is commonly used for configuration files and metadata (YAML Language Devel-
opment Team, 2021). Although these formats serve different purposes, they are all
text-based and can be read both by software and, to varying degrees, by humans.

Graphical formats Vector graphics represent graphical elements geometrically
through lines, curves and shapes defined between points. Raster graphics instead
represent an image as a matrix of colored pixels. Figure 2.1 illustrates how a raster
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2. Theory

image is constructed from individual pixels and how each pixel stores separate red,
green and blue values. Text and graphics are commonly treated as different modal-
ities in document analysis.

R 93%
G 93%
B 93%

R 35%
G 35%
B 16%

R 90%
G 90%
B 0%

Figure 2.1: Raster image enlarged to show individual pixels and their RGB values.

Engineering-document formats DWG, derived from drawing, is a proprietary
binary format used for storing two- and three-dimensional design data and metadata
(Wikipeda, 2026a). It is associated with AutoCAD, and its graphical information is
commonly stored in vector form (Corel, 2026). DXF (Drawing Interchange Format
or Drawing Exchange Format) was developed by Autodesk to support the exchange
of CAD data between different software and computing platforms (Wikipeda, 2026a;
Wikipedia, 2026a). Like DWG, its graphical information is generally represented as
vectors (Corel, 2026).
Portable Document Format (PDF), standardized as ISO 32000, is designed to present
fixed-layout documents independently of application software, hardware and oper-
ating system. A PDF may contain embedded text, fonts, vector graphics and raster
images (ISO, 2020; Wikipeda, 2026b). Visually similar PDF pages can therefore be
encoded in different ways. This distinction is important in document analysis be-
cause embedded text can be extracted directly, whereas text stored as vector objects
or raster images requires additional processing (ISO, 2020; Wikipeda, 2026b).

2.2 Engineering Documents
Piping & Instrumentation Diagrams (P&IDs) are engineering diagrams in which
equipment, instrumentation and the flow between components are represented graph-
ically, typically by standardized symbols and connecting lines (Bisht et al., 2023;
ISO, 2014; Moreno-García et al., 2019). Figure 2.2 shows a simplified dual-pump
arrangement and illustrates how pumps, valves, filters, instrumentation and con-
necting lines are combined to describe a process system.
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2. Theory

Figure 2.2: Simplified P&ID of a dual-pump arrangement, showing pumps, valves,
filters and instrumentation.

These drawings are an industry-standard way of describing how a process system is
constructed, but they are often information-dense and difficult to interpret. Equip-
ment codes, line types, pipe dimensions, instrument tags and symbols are combined
in a compact layout. Figure 2.3 provides an example of this information density
in an engineering drawing, where repeated pumps, valves, equipment tags, pipe
identifiers and connecting lines must be interpreted together. As a result, interpre-
tation requires not only symbol recognition, but also text recognition, line detection
and contextual understanding of how components are connected (Bisht et al., 2023;
Elyan et al., 2020; Moreno-García et al., 2019; Pillai et al., 2024).
They are often produced in CAD software and distributed as printed drawings, CAD
files or PDF files. Because of the amount of information they contain, paper sizes
are commonly in the range A0–A3.
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Figure 2.3: Pump configuration in an engineering drawing.

Equipment lists

Equipment lists accompany the P&ID drawings and provide structured information
about the components represented in the drawing. Each component is normally
connected to a reference number or tag in the P&ID, which corresponds to an entry
in the equipment list. These entries may contain information such as size, material,
pressure class, connection type, quantity and other relevant technical specifications.

Document codes

Document codes are used to identify and organize technical documentation in a con-
sistent manner. In shipbuilding and marine engineering projects, such codes may
indicate the system, discipline, document type, revision status or project-specific
document number. This makes it possible to trace drawings, equipment lists, man-
uals and other technical documents across different project phases and between
different stakeholders.
A work breakdown structure divides project scope into hierarchical components and
supports the organization and control of project information (International Orga-
nization for Standardization, 2018). In shipbuilding documentation, International
Work Breakdown Structure (IWBS) can be used as a collective term for hierarchical
coding structures that divide a vessel or project into progressively more specific sys-
tems, work packages or document groups. An IWBS-related code can therefore help
indicate where a drawing or document belongs within the overall project structure.
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The exact code levels and their meanings depend on the coding system used by the
relevant organization or project.
The SFI Group System is one example of such a coding system. SFI is a function-
oriented classification system that groups vessel systems, equipment, machinery and
related information according to function. It can support structured handling of
specifications, estimates, purchasing, maintenance, drawings and other project in-
formation (Urke, 1976).

2.2.1 Standards
Technical drawings and equipment lists commonly refer to standardized designa-
tions for pipework components, such as DN and PN. These designations provide
compact information about component size and pressure classification, and are im-
portant for interpreting valves, flanges, pipes and other fittings in P&ID drawings
and equipment lists.

DN

DN, or nominal size, is a standardized designation used for pipework components.
It consists of the letters DN followed by a dimensionless number and is used as a
reference size for components such as pipes, valves, flanges and fittings (International
Organization for Standardization, 1995). DN should not be interpreted as an exact
internal or external diameter, since the actual dimensions depend on the relevant
pipe or component standard, material and wall thickness. Instead, DN provides a
common reference designation that helps ensure compatibility between connected
pipework components.

PN

PN, or nominal pressure, is a standardized pressure designation used for pipework
components. It consists of the letters PN followed by a dimensionless number and
is used to classify components according to pressure-related mechanical and dimen-
sional properties (European Committee for Standardization, 2006). The PN value is
therefore a reference designation rather than a complete statement of the allowable
working pressure under all operating conditions. The actual allowable pressure de-
pends on factors such as material, temperature, component type and the applicable
product standard.

2.3 AI/ML Methods
Artificial intelligence (AI) is used as a broad term for computational methods that
perform tasks involving interpretation, prediction or decision-making. Machine
learning (ML) is a branch of AI in which a system improves its performance for
a given task based on training experience (Mitchell, 1997). In technical-document
analysis, machine-learning models can be used to recognize text, detect visual ob-
jects, classify content and combine information from multiple sources.
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Machine-learning models learn from collections of examples. In natural language
processing, a collection of documents or texts used for analysis, training or evalu-
ation is commonly called a corpus (Jurafsky & Martin, 2026). Before text can be
processed by a model, it is divided into smaller units called tokens. Depending on
the tokenization method, a token may represent a word, part of a word, a character
or punctuation (Jurafsky & Martin, 2026). In semantic labelling, each token is as-
signed to a defined class. Tokens that do not belong to any target class are assigned
to the outside, or O, class. During model training, one complete pass through the
training dataset is called an epoch (Google Developers, 2026).
The information supplied to a machine-learning model must be represented numer-
ically. An embedding maps complex information, such as words or their contexts,
to numerical vectors in a lower-dimensional space (Bengio et al., 2003; Zhao et al.,
2026). Images, signals and sequences are examples of Euclidean data because their
elements are arranged in regular structures with consistent local relationships. This
differs from graph-structured data, where relationships may connect elements with-
out following a regular geometric arrangement (Bronstein et al., 2017). Document-
processing systems also use metadata to describe and organize files, pages, detected
objects and extracted information (Riley, 2017). Such metadata can be stored in
machine-readable text formats such as JSONL (Lines, 2026).

2.3.1 Evaluation Metrics
Performance in classification and labelling tasks can be described using a confusion
matrix and metrics such as accuracy, precision, recall and F1-score (Powers & Ailab,
2020; Sokolova & Lapalme, 2009). Table 2.1 shows the four possible outcomes when
one class is evaluated against all other observations.

Predicted class
Actual class Positive Negative

Positive True positive (TP ) False negative (FN)
Negative False positive (FP ) True negative (TN)

Table 2.1: Binary confusion matrix for one class evaluated against all other obser-
vations.

For one evaluated class, the entries of a confusion matrix are defined as follows:
• true positive (TP ): an item belonging to the class is correctly assigned to it;
• false positive (FP ): an item not belonging to the class is incorrectly assigned

to it;
• true negative (TN): an item not belonging to the class is correctly rejected;

and
• false negative (FN): an item belonging to the class is incorrectly rejected.

Accuracy is the proportion of all predictions that are correct:

Accuracy = TP + TN

TP + TN + FP + FN
. (2.1)
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Precision describes how many of the items assigned to a class actually belong to
that class:

Precision = TP

TP + FP
. (2.2)

Recall describes how many of the items belonging to a class are identified:

Recall = TP

TP + FN
. (2.3)

The F1-score is the harmonic mean of precision and recall:

F1 = 2 Precision · Recall
Precision + Recall = 2TP

2TP + FP + FN
. (2.4)

Accuracy provides a clear overall result, but it can give an incomplete picture when
some classes contain many more examples than others. A confusion matrix comple-
ments accuracy by showing which classes are confused with each other.
For a problem with C classes, macro-F1 is the unweighted mean of the class-wise
F1-scores:

Macro-F1 = 1
C

C∑︂
c=1

F1c. (2.5)

Balanced accuracy is the unweighted mean of recall over the C classes:

Balanced Accuracy = 1
C

C∑︂
c=1

Recallc. (2.6)

Macro-F1 and balanced accuracy therefore give each class equal influence, regardless
of how many examples it contains. Reporting the number of examples in each class
also helps indicate how stable the class-level results are (Powers & Ailab, 2020;
Sokolova & Lapalme, 2009).
For object detection, precision and recall describe how well a model locates reference
objects or regions. In information retrieval, the same terms describe the relevance
and coverage of the returned results. The underlying unit of evaluation therefore
needs to be stated when these metrics are interpreted.

2.3.2 Text-Based Machine Learning Approaches
Text-based machine learning approaches operate on textual data that has been
transformed into numerical representations. Text has a naturally sequential struc-
ture, where information is represented as ordered units such as characters, words,
subwords or tokens, making it suitable for established methods in feature extrac-
tion, classification and sequence modelling. Figure 2.4 illustrates this sequential
structure, with each node representing one text unit and the arrows indicating the
order between the units. Earlier approaches commonly used word counts, term fre-
quencies or weighted term representations to learn statistical relationships between
words and document categories, and text classification became one of the early ar-
eas where machine learning showed practical usefulness for tasks such as document
categorization, information filtering and automatic organization of large document
collections (Sebastiani, 2002).
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Figure 2.4: Sequential representation of text units.

Semantics Semantics deals with the meaning of linguistic expressions, including
words and sentences. In natural language processing, this meaning-related informa-
tion is often operationalized through word labeling, where each token in a sequence
is assigned a label representing a syntactic, semantic, or task-specific category. This
sequence labeling paradigm is widely used in tasks such as named entity recognition
and information extraction (Encyclopedia, 2026).

Large Language Models

Large language models (LLMs) are neural language models trained on large text cor-
pora, typically with self-supervised objectives, and most modern LLMs are based
on the Transformer architecture (Vaswani et al., 2023; Zhao et al., 2026). Natural-
language instructions and examples allow a single model to support tasks such
as question answering, summarization, drafting, translation and code assistance.
Large-scale language models have demonstrated broad zero-shot and few-shot task
adaptation (Brown et al., 2020), and structured prompting can improve performance
on tasks that involve intermediate reasoning steps (Wei et al., 2022).
An important property of LLMs is their flexibility in combining several pieces of
information, accounting for context and proposing relationships, inconsistencies or
implications that may not have been specified in advance. For example, a model may
suggest that several tank groups represent a segregation arrangement or identify a
conflict between equipment values stated in different documents. Such suggestions
are not established engineering facts. A useful distinction can therefore be made
between an extracted fact, which is directly supported by a source location, a candi-
date inference, which states its premises and requires engineering confirmation, and
an unresolved issue, for which the available evidence is insufficient.
This flexibility does not make an LLM authoritative. A generated explanation can
appear plausible without faithfully representing why a conclusion was produced
(Turpin et al., 2023). Retrieval-augmented generation addresses part of this limita-
tion by conditioning generation on inspectable external evidence rather than relying
only on model parameters (Lewis et al., 2020). In engineering applications, factual
statements and model-proposed inferences should therefore remain traceable to their
supporting sources and subject to expert review.

Agents

An AI agent is a software system that can autonomously perform tasks on behalf of
a user or another system by perceiving information, making decisions, and taking
actions to achieve a goal (IBM, 2026).
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Code generation

Code generation is one practical application of LLMs in which the model is used
to produce, complete, modify or explain source code based on natural-language
instructions or existing code context.(Chen et al., 2021).

TF-IDF

Term frequency–inverse document frequency (TF-IDF) is a standard weighting ap-
proach in information retrieval (Jones, 2004; Manning et al., 2009; Salton & Buckley,
1987). It is a relatively simple but still highly effective technique to distinguish one
specific type of document inside a large corpus of documents.
Based on the following calculations:
Term frequency: counts how many times term t occurs in document d.

tf(t, d) = ft,d (2.7)

Document frequency: number of documents in the corpus D that contain term t at
least once.

df(t) = |{ d ∈ D : t ∈ d }| (2.8)

Inverse document frequency: down-weights terms that appear in many documents
and up-weights rarer terms.

idf(t, D) = log
(︄

|D|
df(t)

)︄
(2.9)

TF-IDF: combines term frequency and inverse document frequency to score term
importance for document d in corpus D.

tfidf(t, d, D) = tf(t, d) idf(t, D) (2.10)

Shakespeare example Inverse document frequency (IDF) captures the intuition
that a term is more informative if it occurs in only a few documents, and less
informative if it appears in many or all documents of the corpus. The following
hypothetical corpus of 37 plays illustrates the calculation using example document
frequencies. Words that occur in only one or a few plays, such as Romeo or Falstaff,
are highly discriminative, while words that appear in nearly every play, such as good
or sweet, provide little help for distinguishing between plays.
Using the common definition

idf(t, D) = log10

(︄
|D|

df(t)

)︄
, (2.11)

Table 2.2 presents the corresponding document frequencies (df) and IDF values for
the example corpus.
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Word df idf
Romeo 1 1.57
salad 2 1.27
Falstaff 4 0.966
forest 12 0.489
battle 21 0.246
wit 34 0.037
fool 36 0.012
good 37 0
sweet 37 0

Table 2.2: Example df and idf values for words across Shakespeare’s 37 plays.

Rapidfuzz

RapidFuzz is a high-performance library designed for fuzzy string matching and
text similarity comparison. It can be used to measure how closely two pieces of
text resemble each other, even when the words are not identical. Fuzzy matching is
useful for handling OCR token errors, where a single character may be misread, for
example when 0 and O have similar visual appearance but different interpretation.

2.3.3 Computer Vision
Computer vision is a field of artificial intelligence concerned with enabling com-
puters to extract, interpret and use meaningful information from images and vi-
sual documents (Huang et al., 2022; Moreno-García et al., 2019; Redmon et al.,
2016). In the context of engineering documents, this includes symbol detection,
OCR, layout interpretation and connectivity analysis. Figure 2.5 illustrates the reg-
ular two-dimensional neighbourhood structure of a raster image, in contrast to the
one-dimensional text sequence shown in Figure 2.4.

Figure 2.5: Regular grid representation of a raster image.
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YOLO - You only look once

YOLO is an object detection method that predicts object locations and class prob-
abilities directly from an image in a single evaluation (Redmon et al., 2016). Its
main advantage is speed, since the full image is processed in one pass. The input
data are raster images.

OCR

Optical character recognition (OCR) is the task of converting images of printed
or written text into machine-readable text (Smith, 2007). When machine-readable
text cannot be recovered directly, OCR can be applied to raster images or to vector-
based graphics after rasterization. The conversion is not exact and can be disturbed
by lines or nearby symbols in dense drawings. Text in engineering drawings can
also occur at several 90-degree rotations. More importantly, OCR recovers visual
character content rather than the original CAD representation: it does not preserve
layers, vector-object semantics, component identities or piping connectivity.

2.3.4 Multimodal Model Architectures
Multimodality in machine learning refers to the use of data from multiple modali-
ties, such as text, images, audio, video, sensor signals or structured metadata. Each
modality represents information in a different form, and multimodal models aim
to combine or relate these sources in order to improve understanding, prediction
or decision-making. This is particularly useful when one modality alone does not
contain all relevant information. In technical-document analysis, for example, em-
bedded text may describe component names or dimensions, while drawings, tables
and spatial layout provide additional visual and structural context. Multimodal
machine learning is therefore relevant when information must be interpreted across
several complementary data types (Baltrušaitis et al., 2019).

LayoutLMv3

LayoutLMv3 is a multimodal Transformer model for Document AI that jointly learns
from text and image information and is intended for both text-centric and image-
centric document understanding tasks (Huang et al., 2022).

Multi-Expert Fusion

In classification problems, a single model is often not sufficient to capture all relevant
aspects of the data. Different models may be strong for different reasons: one may
learn visual or spatial structure, another may represent domain rules, and a third
may capture repeated terminology. The general idea of ensemble learning is therefore
to combine several predictors in order to obtain a final decision that is more robust
than any single predictor alone (Dietterich, 2000).
The expert outputs can be combined in a fusion layer, and the relative contribution
of each expert can be learned from data. A common ensemble strategy is late
fusion, also called decision-level fusion. In late fusion, each predictor first produces
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its output independently, after which the outputs are combined in a separate fusion
step. This allows the predictors to specialize in different types of information while
contributing to a common final decision (Kittler et al., 1998).
Assume that an input item can belong to one of C possible classes and that the
ensemble contains E experts. Each expert e produces a score vector of length C,

s(e) ∈ RC , e = 1, . . . , E, (2.12)

where each element represents one expert’s support for a class. The scores may
originate from different model types or information sources.
The simplest late-fusion model forms a weighted sum of the expert outputs:

z =
E∑︂

e=1
λes(e), (2.13)

where each λe is a scalar weight describing the overall contribution of expert e. The
final predicted class is the class with the highest fused score:

ŷ = arg max
c

zc. (2.14)

Here, arg maxc zc denotes the class index c corresponding to the largest fused score.
A more flexible approach is to let the weights depend on the class. Instead of one
scalar weight per expert, the model learns a full matrix of class-specific weights (Cao
et al., 2015):

W ∈ RC×E. (2.15)
The fused score for class c can then be written as

zc =
E∑︂

e=1
Wc,es

(e)
c + bc, (2.16)

where bc is a class-specific bias term. This formulation means that each class can
rely on the experts differently.
A further extension is to make the expert weights depend not only on the class but
also on the current input. A gating function can produce input-specific correction
factors. In simplified form, this can be written as

g(x) = 1 + α tanh(fθ(x)), (2.17)

where x is a feature vector representing the input and its context, fθ is a learned
function and α limits how strongly the gate may change the base weights. The final
fused score then becomes

zc =
E∑︂

e=1
ge(x) Wc,es

(e)
c + bc. (2.18)

The class-specific matrix W represents the model’s general weighting of each expert
for each class, while the gate g(x) adjusts those weights for an individual input.
This combines global weighting with local adaptability. The gating idea is related
to the broader theory of expert combination, in which a second model learns how
strongly different experts should contribute under different conditions (Jacobs et al.,
1991).
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Graph Neural Networks

Graph neural networks (GNNs) are neural models designed for graph-structured
data, where entities are represented as nodes and their relationships as edges.
Graphs are a highly general representation because they can capture complex rela-
tional structure that is difficult to express in regular data formats such as images or
sequences. This makes GNNs particularly relevant for P&ID drawings, since such
diagrams describe interconnected process equipment, piping, and instrumentation,
which can naturally be interpreted as a graph. At the same time, graph data is less
regular than Euclidean data, making graph-based learning more challenging and
often more computationally demanding than conventional approaches. Figure 2.6
illustrates an irregular graph in which nodes can have different numbers and direc-
tions of connections, unlike the regular sequence and image-grid structures shown
previously.

Figure 2.6: Example of an irregular graph with nodes and directed edges.
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This chapter describes the method used to generate a draft of Section 3.2, Cargo Oil
System, for a Crude Oil Washing (COW) manual. The method uses a customized
retrieval-augmented generation (RAG) workflow to capture domain-specific knowl-
edge and enable fast retrieval of relevant information on a local machine. Local
processing was required because the source documents contain confidential engi-
neering information. Complete drawings, full-page images, full OCR output, spatial
layouts, CAD-layer information and system-connectivity information were therefore
retained within the Scanjet-controlled environment.
The workflow first categorizes the shipyard documentation at page, token and region
level and stores the outputs locally as structured metadata. Retrieval then selects
the facts and bounded evidence needed for a manual drafting task. Only selected
metadata and local excerpts assessed as insufficient to reconstruct a drawing or its
connection logic were eligible for transfer to the cloud LLM. The LLM organized this
minimized evidence into a draft for engineering review. The resulting deployment
is a controlled hybrid architecture, not an entirely local pipeline.
The outputs from the local processing stages were progressively combined into an
enriched page-wise JSONL representation referred to in this thesis as Final Embed-
dings. The following sections describe the individual components added to this rep-
resentation. Its complete structure and its use as the common input to information-
region retrieval are presented in Section 3.7.
As stated in Section 1.4, the thesis investigates to what extent AI techniques can
support COW manual production. The workflow uses machine-learning models
trained on labelled data together with LLM-assisted synthesis.
Technical alternatives were evaluated separately for each stage of the workflow. Con-
fidentiality and data minimization were treated as mandatory constraints: methods
requiring unrestricted transfer of drawings or system-level information were not
considered eligible. Among the eligible alternatives, the selection considered task-
specific performance, computational cost, practical feasibility and traceability. Each
selection is explained in the section where the method is introduced.
The overall sequence from source documents through local processing, controlled
evidence transfer, LLM-assisted drafting and engineering review is summarized in
Figure 3.1. The following sections describe the individual processing stages.
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Figure 3.1: Overview of the workflow from shipyard documents through local
document processing and controlled evidence transfer to LLM-assisted questionnaire
completion, manual drafting and engineering review.

3.1 Local Document Processing and Information
Retrieval

The local document processing and information retrieval block in the overall work-
flow is expanded in Figure 3.2. It shows how the shipyard documents pass through
text extraction, page categorization, semantic labelling, page-area classification and
information-region detection. The resulting page- and text-level information is com-
bined into structured metadata and used for information-region retrieval before se-
lected evidence is supplied to the LLM-assisted stage. The following sections de-
scribe these local processing steps individually.
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Figure 3.2: Expanded view of the local document processing and information
retrieval block in the overall workflow.

3.2 Text Extraction
Text extraction followed a hierarchy intended to preserve source information while
limiting recognition errors and computational cost. Usable embedded text was ex-
tracted directly from the PDF. When native CAD files were available, they could
be replotted to produce PDFs with machine-readable text. OCR was applied when
usable embedded text was absent and could also be forced when the direct result was
incomplete or structurally unreliable. On mixed pages, regions containing embedded
text were masked during rendering before OCR, while the original embedded text
was retained. This prevented the same text from being extracted twice.
The OCR engine was selected through a practical comparison of Tesseract, licensed
local ABBYY software and the Azure OCR container. The locally executed Azure
implementation produced the strongest result in this comparison and was therefore
used in the workflow. The comparison was a tool-selection experiment rather than
a standardized OCR benchmark. PaddleOCR and EasyOCR were not configured
or evaluated, so no performance comparison is made with these alternatives. The
selected Azure container ran locally through Docker; “Azure” identifies the OCR
technology and container image rather than use of a cloud OCR API. Complete
page images and recognized text therefore remained within the controlled local en-
vironment.
Direct extraction with a multimodal LLM was also considered. This approach could
interpret the complete page in one step and thereby avoid error propagation between
separate OCR, page-categorization, token-labelling, region-detection and retrieval
stages. A cloud implementation would, however, require complete page content to
leave the Scanjet-controlled environment. A local implementation would preserve
confidentiality, but suitable hardware for running a sufficiently capable multimodal
LLM was not available during the project. Direct LLM extraction was therefore not
feasible.
The extraction stage also established the stable page coordinate system used by
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the later models. It produced the base page-wise JSONL representation that was
progressively enriched by the subsequent processing stages rather than requiring
those stages to operate directly on the original PDF files. Each extracted word has
a normalized position, size and page association.

Output The output was one JSONL file per page, containing one page_meta
record followed by one record per detected word or text segment. The metadata
record stored page dimensions, page rotation and coordinate-space information,
while each text record stored the extracted text, bounding boxes and additional
geometric information. These files provided the base records used by page-category
scoring, semantic labelling and the later metadata pipeline; the common coordinate
system also allowed text and region predictions to be related to the original page.

3.3 Page Category Scoring
Given the required drawing types and sections stipulated in MARPOL Annex I and
the COW manual requirements (International Maritime Organization, 1979, 2004),
the first broad categorization of the document corpus was to classify each page
into one of the document categories used for retrieval. Correct page categorization
reduces the search space for later extraction, since many facts are strongly associated
with a specific document type. For example, information about cargo pumps should
normally be found within the cargo oil system material. The page categories are
presented in Table 3.1, together with the instances in the corpus from Batches 1–4
described in Appendix D. A basic labelling tool was developed to label all pages in
the corpus.

Table 3.1: Page-category classes.

Category
Training
instances

Cargo Oil System 311
Inert Gas and Tank Ventilation Systems 184
Water Ballast System 181
Tank Washing System 112
Upper Deck Plan 81
Capacity Plan 15

A multi-source TF-IDF method was selected because it was practical for the avail-
able domain-specific corpus, could run locally on the CPU-only computer and kept
the contribution from each text source inspectable. An end-to-end neural page clas-
sifier was not implemented because it would require additional labelled data and
computation; no performance comparison with such a classifier is therefore made.
Separate TF-IDF scores were calculated from the full-page text, extracted title text
and file name (Jones, 2004; Manning et al., 2009; Salton & Buckley, 1987). The
title text consisted of tokens assigned the Title::Title label by the semantic la-
belling model. When the scores were inconclusive or supported multiple categories,
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a page-sequence fallback used neighbouring pages to resolve the classification. The
TF-IDF representation was fitted statistically rather than through iterative neu-
ral optimization. The configured method was evaluated on the 67-page validation
set and exported the selected page category together with the intermediate score
vectors.

Output The output was a final page category together with the intermediate score
vectors from the text sources and the combined decision. These values were added
to the page-level JSONL metadata. Final Embeddings retained both the selected
category and the score vectors, while information-region retrieval used the category
to restrict searches and apply category-specific rules.

3.4 Word Semantic Labelling
The semantic label taxonomy was used as an explicit way of transferring the author’s
domain knowledge into the system. The choice of classes and the text elements
assigned to them reflected which equipment, properties, units and document features
the author judged relevant to later retrieval and COW manual drafting. This made
the intended categories inspectable, but it also meant that concepts not anticipated
when the taxonomy was designed were not represented explicitly. A fusion of rules,
fuzzy dictionary matching and LayoutLMv3 was selected because the three methods
use different evidence. Rules capture recurring engineering patterns and can respond
to unseen values, the dictionary recognizes known terminology despite minor OCR
variation, and LayoutLMv3 adds page position and surrounding layout. The late-
fusion model was used instead of relying on a single branch so that these signals
could be combined while the contribution from each branch remained available for
inspection. Figure 3.3 summarizes how the three branches are combined.

Figure 3.3: Semantic-labelling workflow combining rules, dictionary-based fuzzy
matching and LayoutLMv3 through late fusion.

A more general end-to-end model, such as a capable multimodal LLM, was consid-
ered as an alternative for assigning semantic meaning directly from page content.
Such a model might identify useful patterns beyond the predefined taxonomy and
reduce reliance on author-defined classes. However, processing complete pages with
a cloud model was outside the approved confidentiality boundary, and the hardware
required to run such a model locally was not available during the project. This
approach would also have made it more difficult within the project to determine
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which technical conventions the model recognized reliably. For example, recognition
of the different notations used for pipe dimensions could not be assumed without a
dedicated evaluation.
The word labelling stage assigns semantic meaning to individual words and phrases
by labelling them with categories and subcategories, such as equipment, compart-
ments, units, title elements and pipe descriptions. The largest individual category
was the background class O, since many tokens did not belong to any of the defined
semantic categories. This data can later be used to extract or find specific groups
of information from the corpus. The labelling process was developed iteratively.
Initial pages were labelled manually in broad classes. These labels were then refined
into more specific subcategories, and custom tools were developed to speed up later
labelling rounds by suggesting labels. As the model improved, later batches could
be labelled more efficiently by correcting predictions instead of starting from scratch
for every page. Batches 1–3 in Appendix D were used for training, validation and
test data, with the resulting token-label distribution reported in Table 3.2.

Table 3.2: TextModel token labels.

Token label
Training
instances

Validation
instances

Test
instances

O 53666 6073 3496
Equipment::Valve 12050 1906 1154
Pipe::Dimension 8500 1974 1564
Pipe::Misc 8830 1907 595
Equipment::Equipment 4159 1149 611
Units::Geometric 3412 518 186
Compartments::Cargo tanks 2866 410 373
Compartments::Ballast tanks 1960 366 125
Compartments::Compartments 1539 416 331
Units::Number 1802 157 62
Units::Pressure 1737 243 13
Units::Mechanics 957 548 32
Units::Units 1083 83 26
Title::Title 1002 95 87
Equipment::Cargo pump 739 241 75
Equipment_type::Equipment type 779 170 34
Compartments::Slop tanks 660 120 99
Compartments::Misc tanks 436 310 21
Equipment::Tank cleaning 496 150 82
Units::Capacity 436 166 91
Medium::Medium 507 122 48
Compartments::Fuel tanks 275 194 31
Equipment::Ballast pump 316 64 29
Equipment::Cargo heating 181 91 32
Equipment::Cargo stripping 257 4 41
Equipment::Misc pump 195 60 37
Compartments::Cofferdam 166 58 16
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Token label
Training
instances

Validation
instances

Test
instances

Units::Misc 154 54 1
Segregation::Segregation 105 7 41
Title::SFI code 78 6 9
Equipment::Slop pump 61 28 0
Equipment::Ballast stripping 54 11 19

3.4.1 Rules
The first expert is a rule-based categorization engine. It classifies extracted text
strings by matching them against predefined patterns stored in an external rules
file. The rules are designed to capture recurring technical expressions and naming
conventions found in the project documents, such as DN and PN standard values,
tank combinations, valve labels, equipment labels and other domain-specific identi-
fiers.
The rule file is intentionally made extendable. New categories, subcategories and
matching patterns can be added without changing the source code of the catego-
rization engine. To make the rules more compact and reusable, the format supports
placeholders and wildcard symbols. Placeholders are used to define reusable groups
of values, such as valid valve prefixes or nominal pipe sizes, while wildcard symbols
allow patterns to match variable parts of a string. This makes it possible to express
many related text patterns using relatively few rules.

Excerpt from rules file

# Format per r u l e (TAB separated ) :
# category<TAB>subcategory<TAB>pattern
#
# Pattern symbols :
# L = any l e t t e r (A−Z / a−z )
# N = any d i g i t (0−9)
# # = numeric token ( d i g i t s with
# opt i ona l ’ . ’ or ’ , ’ s epa ra t o r s )
# $ = any text ( ze ro or more chars )
# %Name% = plac eho ld e r token ( d e f i n e with %Name%=A|B|C)

%ValvePre f ix%=AC|AD|AE|AR|AQ|B|BA|BAF|BAV|BB|BF|BW|BWF
%DN% = 6 | 8 | 1 0 | 1 5 | 2 0 | 2 5 | 3 2 | 4 0 | 5 0 | 6 5 | 8 0 | 9 0 | 1 0 0 | 1 1 5 | 1 2 5 | 1 5 0

Pipe Dimension %ValvePre f ix%#−$−%DN%A

Output For each extracted token, the rules branch produced a category-probability
vector based on the matched patterns. This vector was passed to the fusion layer
as one of the three expert inputs.
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3.4.2 Dictionary
The dictionary expert is a trained database with known strings and words matched
to the words in the document. It uses RapidFuzz fuzzy matching to overcome small
differences in how the text is formatted and to mitigate OCR detection errors. The
dictionary uses a statistical model similar to TF-IDF that allows it to give a strong
signal when a unique word is connected to a category.

Output For each extracted token, the dictionary branch produced a category-
probability vector based on the known terms and their fuzzy-match scores. This
vector was passed to the fusion layer as the second expert input.

3.4.3 LayoutLMv3
As the third expert, a LayoutLMv3 model was trained using the labelled data. Since
LayoutLMv3 is a multimodal model, it can learn patterns related to where on the
page and in what neighbourhood a specific type of text usually exists. The clearest
example of this is the Title::Title category, which represents the title text of a
page. This text usually appears at the sides of the page in a table-like title block, all
of which are clues the model can use. The base training configuration is summarized
in Table 3.3.

Table 3.3: Base LayoutLMv3 training configuration.

Parameter Value
Pretrained checkpoint microsoft/layoutlmv3-base
Task Token classification
Architecture LayoutLMv3ForTokenClassification
Number of labels 32 (including background label O)
Max sequence length 512
Image size 224 × 224
OCR inside LayoutLMv3 Disabled
OCR input source External OCR words and bounding boxes sup-

plied to the processor
Only first subword labeled Enabled
Epochs 8
Learning rate 5 × 10−5

Weight decay 0.01

Output For each token processed by the model, the LayoutLMv3 branch produced
a category-probability vector using the token text, page position and surrounding
layout. This vector was passed to the fusion layer as the third expert input.
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3.4.4 Fusion
The three experts all have their individual strengths. Rules can react to data not
seen before if it follows a specific pattern. They also give a strong signal for exact
or near-exact matches. The dictionary branch can learn quickly from observed
examples, and RapidFuzz allows close matches and OCR errors to be mitigated.
The multimodal design of LayoutLMv3 allows it to learn labels in relation to page
location and surrounding layout structure. These three experts are merged in an
ML fusion layer that learns when to trust each expert and adds a token-specific
component.

Output The fusion stage produced one final category and subcategory for each
token, a combined probability vector and the individual probability vectors from
the rules, dictionary and LayoutLMv3 branches. These values were added to the
corresponding text records in the page JSONL files. The title labels were used
by page-category scoring, and the complete semantic labels and score vectors were
retained in Final Embeddings for information-region retrieval.

3.5 Page Area Classification
YOLOv8n was selected for page-area classification because text, tables, drawings
and piping diagrams are distinguished partly by their spatial extent and visual
layout. An object detector provides both a class and a bounding box, which was
required for later filtering, while the nano architecture limited the computational
cost. A text-only method was not considered sufficient because similar words can
occur in several page structures. Full-page inference remained local.
A YOLO model was trained on full-page images to detect the general data struc-
ture in the document, categorizing areas as text, table, drawing or piping diagram.
This is important because certain types of data are usually present only in spe-
cific page structures. It also becomes important in projects where many equipment
table pages are included, since those pages can otherwise create costly and unneces-
sary processing when locating specific data. To increase accuracy, especially in the
separation between the drawing and piping diagram classes, the training set con-
tained augmented coloured boxes representing the main text-label category of each
text box. These visual cues are useful because, for example, piping diagrams of-
ten include tanks in rows, while drawings contain dimension metrics. The deployed
training settings are summarized in Table 3.4, and Figure 3.4 shows an example of
the augmented training representation.
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Table 3.4: Training settings for the page-content YOLO detector.

Setting Value
Base architecture Ultralytics YOLOv8n.
Initial pretrained package yolov8n.pt.
Input image size 1024 × 1024 pixels.
Epoch budget 100.
Batch size 4.
Patience 100 epochs.

Figure 3.4: Example training page with semantic text-label categories overlaid as
coloured boxes.

Batches 1–3 in Appendix D were used to train the model. The resulting class
distribution is reported in Table 3.5.

Table 3.5: Page-content YOLO classes.

Class
Training
instances

Validation
instances

Table 574 144
Drawing 438 119
Text 218 46
Piping diagram 213 45

Output The page-area classifier produced bounding boxes with an area class and
confidence score for text, table, drawing and piping-diagram regions. The detections
and page-level area summaries were added to the page JSONL files. They were then
included in Final Embeddings and used by the information-region detector and
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retrieval logic to filter or interpret candidates according to the surrounding page
structure.

3.6 Valuable information regions
Regions containing information considered relevant for producing the manual were
labelled according to the categories shown in Table 3.6. A complete pass of all
pages was performed, and any region judged by the author to contain potentially
useful manual evidence was marked. These regions form the main evidence base for
the final manual draft. Figure 3.5 shows representative labelled regions containing
a ballast-pump arrangement, a cargo-segregation diagram and a ballast-equipment
table.

Figure 3.5: Examples of labelled information regions: ballast-pump arrangement,
cargo segregation and ballast-equipment data.

Table 3.6: AreaScore classes.

Class
Training
instances

Validation
instances

Cargo::Pump 240 77
Cargo::Heating 98 49
Ballast::Capacity 80 3
Inert Gas::PV Valve 75 21
Ballast::Pump 72 17
Cargo::Capacity 64 4
Cargo::Stripping 46 10
Ballast::Stripping 35 7
Tank Cleaning::Heater 33 6
Cargo::Segregations 20 3
Tank Cleaning::Pump 18 4
Tank Cleaning::Machine 16 4
Inert Gas::Capacity 6 1
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3.6.1 Information Region Detection
YOLOv8n was also selected as the initial detector for valuable information regions
because many target regions have recurring visual arrangements and require a spa-
tial output. The detector was used to propose candidate regions rather than as
the only retrieval method, since visual appearance alone could not reliably distin-
guish information contained in ordinary text and tables. The labelled training and
validation instances for its target classes are reported in Table 3.7.

Table 3.7: LabelFinal YOLO classes.

Class
Training
instances

Validation
instances

Cargo::Pump 298 19
Cargo::Heating 146 1
Inert Gas::PV Valve 86 10
Ballast::Capacity 81 2
Ballast::Pump 76 13
Cargo::Capacity 66 2
Cargo::Stripping 45 11
Ballast::Stripping 33 9
Tank Cleaning::Heater 33 6
Tank Cleaning::Pump 21 1
Cargo::Segregations 16 7
Tank Cleaning::Machine 16 4
Inert Gas::Capacity 6 1

The deployed detector configuration is summarized in Table 3.8.

Table 3.8: Training settings for the deployed LabelFinal YOLO detector.

Setting Value
Base architecture Ultralytics YOLOv8n.
Initial pretrained package yolov8n.pt
PDF rendering Render from PDF with target long edge = 3000 px, max

long edge = 8000 px, reference PDF long edge = 842.0.
Post-render scale 1.0.
Tile size and overlap 2048 × 2048 px tiles with 512 px overlap.
Epoch budget 100.
Batch size 2.
Page-level filtering Exclude boxes with more than 50% overlap with prior

page-content Table or Text regions.
Image preprocessing Prior Table/Text areas masked, rotation normalization

enabled, and portrait pages optionally padded to a land-
scape canvas.

Main augmentation settings Translation = 0.1, scale = 0.5, horizontal flip = 0.5,
mosaic = 1.0, close-mosaic after 10 epochs.
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Output The information-region detector produced candidate bounding boxes with
a target class, confidence score, page association and coordinates. The detected-
region and page-summary metadata were added to the page JSONL files. Final
Embeddings combined these proposals with text, page-category and page-area in-
formation, and the hybrid information-region retrieval stage then scored, filtered
and ranked the candidates before excerpt generation.

3.7 Final Embeddings
The outputs from the different models were combined into Final Embeddings, an
enriched JSONL metadata file for each page. Figure 3.6 summarizes the page- and
text-level fields stored in these files. Page-level records combine categorization, area
analysis and detected information regions, while text-level records retain geometry,
semantic labels and region scores.

Figure 3.6: Page- and text-level information stored in Final Embeddings.

The generated metadata files contain several levels of information produced by the
processing pipeline. At token level, each extracted text string is stored together with
its location on the page, bounding box coordinates and text-size information. For
each token, the final label category is recorded together with category-probability
vectors from the three individual experts and a combined probability vector from the
fused result. At page level, the final page category is stored together with all related
score vectors. The metadata also include page content statistics, information-area
statistics and detection-box data from both YOLO models. The detection-box data
contain the class, confidence score, coordinates and related metadata for each de-
tected region.

Output The output was one Final Embeddings JSONL metadata file for each
page. These files formed the common local input to the information-region retrieval
stage. Page categories were used to restrict the search to relevant document types,
semantic text labels indicated where particular facts were likely to occur, and spa-
tial information, detected regions and region scores were used to locate and rank
candidate excerpts. The selected image excerpts and associated metadata were then
used as evidence for the LLM-assisted questionnaire and manual-drafting stages.
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3.8 Information Region Retrieval
A hybrid retrieval method was selected because relevant evidence occurs in drawings,
tables and ordinary text. It combined visual candidates from the LabelFinal YOLO
detector with page- and text-based criteria, including page category, page type and
semantic token labels. Class-specific criteria were stored in YAML, which kept the
selection logic inspectable and allowed classes to be revised without changing the
extraction code.
YOLO boxes provided strong visual evidence, while text-based criteria separated
visually similar candidates, for example by checking whether a region referred to
a cargo pump. The rules were developed one class at a time with Codex, initially
maximizing recall while aiming to keep the FP/TP ratio below 1. Once recall reached
approximately 90 %, development focused on reducing false positives without losing
coverage. Prioritizing recall reduced the risk of excluding relevant evidence before
engineering review.

Output The selected regions were saved in category-specific folders as raster image
excerpts, together with an index linking each excerpt to its source page, region and
retrieval category. This preserved the visual evidence required by the multimodal
LLM. The local evidence-access stage used the index and excerpts to assemble the
task-specific evidence supplied to the LLM-generated questionnaire.
Training data for this model were the same labelled information regions described
in Section 3.6 and summarized in Table 3.6.

3.9 LLM Agent
For COW manual draft generation, an LLM agent was used to organize evidence,
identify project-specific facts and prepare a traceable first draft for engineering re-
view. An LLM was selected for this synthesis stage because instructions can be
adapted to heterogeneous document sets and because the model can combine evi-
dence and propose candidate relationships not anticipated by fixed extraction rules.
This flexibility is useful when shipyard terminology and available document types
vary. It does not transfer engineering authority to the model: the output remains a
proposal whose factual basis and derived conclusions must be reviewed.
Fixed rules and templates were preferred for deterministic extraction and format-
ting wherever they were sufficient. Direct multimodal prompting with complete
drawings was excluded by the confidentiality boundary. The smaller GPT-5.4-mini
model was explored but not selected for the reported draft because its deductions
were inconsistent in the available trial. A locally hosted LLM was considered but
not implemented on the CPU-only thesis computer. The reported case-study draft
used the configured GPT-5.5 model through the approved cloud interface. These
model observations are exploratory and are not a controlled comparison of LLM
families. Figure 3.7 expands the LLM-assisted stage and shows the intended flow
from locally selected evidence to questionnaire completion, manual drafting and
engineering review.
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Figure 3.7: Controlled LLM-assisted drafting workflow and evidence boundary.

To support manual drafting, a graphical user interface (GUI) was developed around
the LLM agent. The GUI loads and indexes the project folder, indicates which meta-
data have been generated, runs the guided-search pipeline, builds a local metadata
database, generates cargo-system questionnaires, creates draft manual sections and
opens an evidence-based review window. The source material and complete index
remain local throughout these operations.

3.9.1 Local Evidence Access and Data Boundary
The LLM was not given direct access to project files. OCR text, page metadata,
YOLO-labelled regions, guided-search candidates, crop generation and the search-
able metadata database were processed locally. The approved cloud interface re-
ceived only evidence selected for the current field or drafting task. Table 3.9 defines
this boundary.

Table 3.9: Data boundary for the LLM-assisted workflow.

Local only Eligible for approved
upload

Control applied

Complete drawings and
original PDF/CAD files

Selected structured facts,
such as pump capacities
and local equipment prop-
erties

Field-specific selection; no
unrestricted database ac-
cess

Full page images and full
OCR output

Bounded image excerpts
linked to a retrieval result

10 % soft and 20 % hard cu-
mulative exposure limit per
source page

Complete spatial layout,
CAD layers and pip-
ing/system connectivity

Task-relevant evi-
dence assessed as non-
reconstructive

Requests exceeding the
hard page limit blocked

Completed manuals, ques-
tionnaires, Word and Ex-
cel files in the thesis exper-
iment

LLM-generated question-
naire fields and their
selected evidence

Unresolved fields omitted
or flagged for review
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The upload assessment was based on reconstructability rather than on whether a
value originated in a confidential document. Isolated metadata such as a pump
capacity or local component property does not reveal how the complete drawing is
laid out or how the piping system is connected. Likewise, a tightly bounded excerpt
supplies local visual context without exposing a complete page. The runner tracked
the cumulative crop area for each source page: a request crossing 10 % triggered
the soft limit, and a request that would take cumulative exposure above 20 % was
blocked. This restriction also prevents several overlapping requests from gradually
disclosing the entire page. It does not prove that every combination of excerpts is
risk-free, so data minimization and approval remain necessary controls.
Completed manuals, completed questionnaires, Word documents, Excel files and
original PDFs were excluded from the model input boundary in the thesis exper-
iment. This tested what could be recovered from selected extracted evidence. In
a production application, an approved Scanjet questionnaire could be added as a
structured cross-check for facts that are difficult to retrieve from drawings, including
controls, monitoring, emergency stops and operational constraints.
The agent behaviour was controlled by instruction files in Markdown format. These
files defined the evidence rules and output structure. The local folder also contained
Form.csv, defining the standard variables, and a phrase dataset derived from exist-
ing manuals to support consistent wording.

Output The local evidence-access stage produced a task-specific evidence package
containing selected structured metadata, source references and bounded raster ex-
cerpts. This package was the only project evidence supplied to the approved cloud
interface and formed the input to the LLM-generated questionnaire.

3.9.2 LLM-Generated Questionnaire
Before drafting, the system generated an LLM-generated questionnaire that con-
verted selected project evidence into a structured fact sheet. It was organized field
by field for facts such as cargo tank count, pump count, capacity, system family,
stripping equipment and heating arrangement. Each output was assigned one of
three evidence states:

• a value directly supported by one or more identified source locations;
• a relationship or implication proposed from stated premises, requiring engineer

confirmation before use; or
• a field for which the available evidence was insufficient or conflicting.

Each field included its proposed value or status, confidence, notes and candidate
evidence. This structure allows useful deductions to be surfaced without presenting
them as verified source facts. Figure 3.8 shows how supported and unresolved fields
were presented in the questionnaire review table.
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Figure 3.8: Review table for the LLM-generated questionnaire, showing supported
and unresolved fields.

Output The output was a structured questionnaire in Markdown format in which
each field contained a proposed value or unresolved status, its evidence state, con-
fidence, notes and links to candidate source evidence. The manual-drafting stage
used this questionnaire as its fact source rather than reading the complete project
documents directly.

3.9.3 Manual Drafting and Review
The drafting agent produced the manual section using the LLM-generated question-
naire as its fact source. Separating evidence interpretation from prose generation
made the status of each field inspectable. Unresolved fields were omitted or flagged,
and candidate inferences required confirmation before acceptance. The generated
draft was presented in a review window so that an engineer could inspect the pro-
posed text and its evidence before including it in a manual. Figure 3.9 shows the
draft-review interface, where generated statements are displayed alongside the se-
lected source evidence, source location and corresponding drawing excerpt.
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Figure 3.9: Draft-review interface showing generated text and linked source evi-
dence.

Output The output was a proposed draft of Section 3.2, Cargo Oil System, in
Markdown format. It was presented together with linked source evidence in the re-
view interface, where the engineer could verify, revise or reject the generated state-
ments before any text could be included in the COW manual.

3.9.4 Case-study Evaluation
The LLM-assisted drafting workflow was assessed using one available Chinese-built
vessel project with a pump-room-type cargo system, hereafter referred to as the
case-study project. The assessment is therefore a proof-of-concept case study, not
an independent validation or test, and it does not estimate performance on new
projects. No additional projects were available for an independent LLM evaluation
within the thesis.
The generated questionnaire and draft were compared by the author with the avail-
able Scanjet questionnaire, completed COW manual and source evidence. The com-
parison considered technical correctness and source support, completeness, conflict-
ing or unresolved fields, traceability and review implications. No separate expert-
review dataset or repeated-run experiment was available, so the results are reported
as counts and qualitative observations rather than generalizable accuracy percent-
ages.
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4
Results

This chapter first presents the documents, data and computational environment used
for the analysis, followed by the overall result in relation to the research question.
It then presents the detailed results of the implemented pipeline in the same order
as the methods chapter. The purpose is to show how each stage contributed to
retrieving manual-relevant information and producing the LLM-assisted draft. The
chapter ends with the LLM-assisted manual drafting results.

4.1 Documents, Data and Computational Envi-
ronment

The dataset appendix, Appendix D, lists 32 project entries from Batches 1–4, with
828 pages in total. Three page categories dominated the material: cargo oil sys-
tem; inert gas and tank ventilation; and water ballast system. Capacity plans were
included in 12 of the 32 projects and were comparatively rare at page level. The
source projects came from anonymized Chinese and Korean shipyards only. This
limited variation is important when interpreting the results: repeated layouts from
the same shipyards support evaluation on similar material, but the dataset does
not establish generalization to other shipyard standards or document conventions.
Table 4.1 summarizes the supplied material and the final processing split.

Table 4.1: Dataset summary from Appendix D and the final processing split.

Item Value
Appendix project entries 32
Appendix pages 828
Project origin 22 Chinese and 10 Korean entries
Anonymized shipyards 15 identifiers
Existing COW manuals 21 entries
Questionnaires 29 entries
Page categories 17 CAP, 294 COS, 164 WBS, 101 TWS, 171 IGS, 81

UDP
Final processing split 21 training, 5 validation, 10 new/test project roots
Final processing pages 656 training, 67 validation, 289 new pages

All local document processing, model inference, indexing and retrieval were per-
formed on the computer summarized in Table 4.2. The same computer was used for
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the processing-time measurements reported later in this chapter. It had no dedicated
GPU, so model inference and related processing were performed on the CPU.

Table 4.2: Hardware and software environment used for the reported analysis and
computation-time measurements.

Component Specification
Computer Dell Pro 13 Plus laptop
Processor Intel(R) Core(TM) Ultra 5 235U (2.00 GHz)
RAM 32.0 GB (5600 MT/s)
Graphics Intel(R) Graphics
GPU acceleration No dedicated GPU available; no GPU acceleration was used
System type 64-bit operating system, x64-based processor
Operating system Windows 11 Business, Version 25H2

4.2 Overall Result
Overall, the implemented AI-assisted workflow was able to support the production
of a COW manual section, but it could not produce a complete and independently
usable manual without engineering review. In the one-project case study, the work-
flow generated a draft of Section 3.2, Cargo Oil System, containing the system
family, tank arrangement, main cargo oil pump data, major pipe dimensions and
stripping-system information.
The page categorization reached 95.5 % accuracy, while the final directed search
reached 96.5 % box recall and 94.4 % page recall. The LLM-generated question-
naire contained 24 fields, of which 11 were supported by the available evidence and
13 remained unresolved. Information concerning controls, emergency stops, moni-
toring, heating and some operational arrangements was therefore omitted or marked
for review.
These results show that AI-based techniques can extract and organize relevant in-
formation and produce a traceable first draft. However, the workflow should be un-
derstood as engineering support rather than autonomous manual generation. The
result is based on one drafting case study and does not establish performance on
new projects.

4.3 Text Extraction Results
Embedded text was used directly when available, while OCR was required for ras-
terized content. In the practical tool-selection comparison, the locally containerized
Azure OCR implementation recovered 88.0 % of the reference text, compared with
69.0 % for ABBYY and 33.0 % for Tesseract. It was therefore selected for the
workflow. This was not a standardized OCR benchmark, and PaddleOCR and
EasyOCR were not evaluated. The complete comparison is reported in Table A.1
in Appendix A.
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The extraction stage also exposed a limitation relevant to the final workflow: a page
could contain mostly embedded text while an important table remained rasterized.
Direct PDF extraction alone was therefore not sufficient for every mixed-content
page.

4.4 Page-category Results
The final page-category model correctly classified 64 of 67 validation pages, corre-
sponding to 95.5 % accuracy, 96.0 % macro-F1 and 96.5 % balanced accuracy. The
remaining errors consisted of two inert-gas pages assigned to the upper-deck cate-
gory and one cargo-oil-system page assigned to the tank-washing category. Correct
categorization reduced the document search space, but an incorrect category could
still exclude a relevant page from later retrieval.
The Capacity Plan result was based on only four validation pages and should not
be interpreted as stable performance across capacity-plan variants. Detailed model
comparisons, the confusion matrix and class-wise metrics are reported in Tables A.2,
A.3 and A.4 in Appendix A.

4.5 Word Semantic Labelling Results
The rules, dictionary and LayoutLMv3 branches provided complementary informa-
tion. Rules were strong for predefined label patterns, the dictionary branch handled
close textual matches, and LayoutLMv3 added layout-sensitive information. Their
detailed strengths and weaknesses are reported in Tables A.5, A.6 and A.7 in Ap-
pendix A.
Table 4.3 shows the overall held-out test result. Fusion reached an F1-score of 79.1 %,
compared with 74.5 % for validation-selected best-expert routing. The improvement
came mainly from higher precision. Performance still varied substantially between
semantic classes; the complete class-wise fusion result is reported in Table A.8 in
Appendix A.

Table 4.3: Overall semantic-labelling performance on the held-out test split.

Approach Recall Precision F1
Fusion model 77.9 % 80.3 % 79.1 %
Best-expert routing 77.2 % 72.0 % 74.5 %

4.6 Structural Page Analysis Results
The page-content model classified regions as tables, text, drawings or piping dia-
grams. Table 4.4 shows that its box-level F1-score was 77.5 %, while the dominant
content type was identified correctly for 603 of 620 pages (97.3 %). The dominant-
content result was the more relevant measure for later retrieval because it determined
how each page was processed.

42



4. Results

Table 4.4: Summary metrics for the page-content YOLO detector.

Result Value
Precision 78.6 %
Recall 76.4 %
F1-score 77.5 %
Dominant content class matched 97.3 %

The remaining dominant-content errors mainly involved drawings confused with
tables or piping diagrams. The comparison with the earlier model and the full
dominant-content confusion matrix are reported in Tables A.9 and A.10 in Ap-
pendix A.

4.7 Target-region Detection Results
The raw LabelFinal YOLO detector supplied candidate regions rather than the final
retrieval result. Its performance varied by class: visually distinctive equipment was
easier to detect than information presented as ordinary text or tables. Typical errors
included missed table-like regions, oversized crops and duplicate detections in dense
equipment areas. The combined detector result and class-wise metrics are reported
in Tables A.11 and A.12 in Appendix A. These limitations motivated the subsequent
area scoring and metadata-guided retrieval stage.

4.8 Area Scoring and Retrieval Results
The final directed-search pipeline combined visual candidates with page categories,
semantic text labels and class-specific metadata rules. Table 4.5 shows that it re-
trieved 96.5 % of the validation information boxes and reached 94.4 % page recall.
Candidate precision was 66.5 %, indicating that the method retained most relevant
evidence but still returned irrelevant or duplicate candidates for engineering review.

Table 4.5: Final validation summary for actual directed-search candidate classes.

Result Value
Validation box recall 96.5 %
Validation page recall 94.4 %
Validation candidate precision 66.5 %

Performance differed between information classes, and the two capacity classes re-
quired separate proxy-recall measures. The full class-wise retrieval results and ca-
pacity proxy results are reported in Tables A.13 and A.14 in Appendix A.
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4.9 Pipeline Timing and Practical Performance
Table 4.6 shows that the complete Final Embeddings export required 34.4 seconds
per page on the CPU-only laptop. Text processing and LabelFinal YOLO inference
accounted for most of this time. The final excerpt export required a further 0.82
seconds per page. These results show that the local pipeline was computationally
feasible on the available hardware, although review-time savings were not measured.

Table 4.6: Processing times per page for the main document-analysis stages.

Stage Time per page
Azure OCR extraction 4.93 s/page
Final Embeddings export (full run) 34.4 s/page

Text stage 21.9 s/page
Page-content YOLO 0.428 s/page
LabelFinal YOLO 12.0 s/page
Finalize/write 0.053 s/page

Final label excerpt export 0.82 s/page

The weighted processing time remained between 33.7 and 39.1 seconds per page
across the training, validation and new-project groups. The full project-level timing
distribution is reported in Table A.15 in Appendix A.

4.10 LLM-Assisted Manual Drafting Results
The LLM-assisted drafting stage was evaluated as a proof-of-concept case study on
one project. The supplied Scanjet questionnaire was excluded from model input
and retained for retrospective comparison. The configured GPT-5.5 model used the
selected evidence to generate an LLM questionnaire and a draft of Section 3.2, Cargo
Oil System. The result demonstrates what the workflow produced in this case but
cannot establish performance on new projects.

4.10.1 LLM-Generated Questionnaire Results
The generated questionnaire contained 24 fields, of which 11 were supported and 13
remained unresolved. As summarized in Table 4.7, the supported fields covered cen-
tral system, tank, pump, pipe-dimension and stripping information. Fields requiring
control, monitoring, heating or detailed operational information were generally left
unresolved rather than filled with unsupported values.
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Table 4.7: Assessment of the one-project LLM case study.

Dimension Case-study observation
Technical correctness
and support

The reported tank arrangement, main pump data and
several stripping-system facts corresponded to identified
source evidence; one questionnaire discrepancy was re-
solved by checking the base document.

Completeness 11 of 24 questionnaire fields were marked supported and
13 unresolved. Control, monitoring and several opera-
tional fields were absent from the draft.

Unsupported or con-
flicting content

Unresolved fields were generally omitted. The eductor-
head discrepancy was retained for source inspection
rather than resolved from model confidence.

Traceability A revision evidence map linked draft statements to ques-
tionnaire evidence and bounded local drawing excerpts.

Review effort A separate timing or expert-rating study was not per-
formed, so no quantitative reduction in engineering re-
view time can be claimed.

External validity The project overlapped with development material; the
case does not measure performance on a new project.

The recovered facts included the pump-room system architecture, 15 cargo oil tanks,
2 slop tanks, three segregation groups, three main cargo oil pumps, major pipe di-
mensions and stripping equipment. One discrepancy concerned the operating head
of the stripping eductors. Inspection of the base document supported the value ex-
tracted by the LLM rather than the value in the comparison questionnaire, demon-
strating the importance of retaining links to source evidence.

4.10.2 Manual Draft Output
The generated draft captured the high-level structure of the reference section, in-
cluding tank arrangement, pump arrangement, main piping and stripping. It was
technically conservative and generally limited to evidence-supported statements.
Control locations, emergency stops, monitoring, heating and several operational ar-
rangements were omitted because they were not supported by the selected evidence.
The draft was therefore less complete than a finished COW manual section, but it
provided a traceable starting point for engineering review. Because only one project
was assessed and review time was not measured, the result supports workflow feasi-
bility but not a claim of general performance or quantified efficiency improvement.
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The research question was: To what extent can AI-based techniques support the
production of COW manuals from CAD-derived drawings and related technical
documents with varying formats, layouts and information content? On the eval-
uated material, the answer is that AI can support important parts of the process
by extracting and structuring document content, retrieving relevant evidence and
preparing a traceable first draft. The demonstrated workflow is evidence-assisted
rather than autonomous. It does not replace engineering interpretation, complete-
ness checks or formal approval, and the one-project drafting case study does not
establish performance on new projects.
The strongest quantitative evidence comes from page categorization and directed
information retrieval. The page categorizer correctly classified 64 of 67 validation
pages (95.5 %), while directed search reached 96.5 % box recall and 94.4 % page
recall. Candidate precision was 66.5 %, meaning that the pipeline retained most
relevant evidence but still returned irrelevant or duplicate candidates. These results
support a reduction in the amount of material that must be searched, but review-
time savings were not measured.
The LLM contributed by combining selected facts and proposing relationships that
were difficult to represent using fixed rules. In the case study, 11 of 24 questionnaire
fields were supported and 13 remained unresolved. This demonstrates the feasibility
of evidence-linked drafting, but it also shows that directly extracted facts, inferred
relationships requiring confirmation and unresolved fields must remain clearly sep-
arated.

5.1 Limitations
The document dataset limits the scope of the quantitative results. It contains 32
listed project entries and 828 pages from anonymized Chinese and Korean shipyards.
Repeated structures and terminology are useful for the represented workflow but do
not establish generalization to other shipyards, drawing conventions or document
qualities. Several categories also had low support; in particular, the Capacity Plan
page-category result is based on four validation examples.
The LLM result has a narrower validity boundary. Only the case-study project was
available for the reported manual-drafting case study. No additional projects or
independent expert-review dataset were available. The case therefore demonstrates
that the workflow can produce an evidence-linked draft, but it cannot provide a
general accuracy rate, robustness estimate or measured reduction in engineering
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review time.
The multi-stage architecture permits error propagation. Missing or incorrect text
can affect token labels, page categories, region retrieval, questionnaire fields and the
final draft. The workflow also lacks explicit mapping of piping-system connections.
This prevents reliable interpretation of several relationships among tanks, pumps,
lines and valves and was a major reason that operational fields remained unresolved.
Confidentiality imposed a necessary context restriction. Complete drawings, full
page images, full OCR output and system-connectivity information remained local,
while selected structured metadata and excerpts were supplied to the approved cloud
LLM. The excerpts were limited to 10 % soft and 20 % hard cumulative exposure
per source page and were assessed as insufficient to reconstruct a drawing or its
connection logic. This controlled hybrid design reduces disclosure but also prevents
the LLM from seeing some full-system context.
The exploratory comparison between GPT-5.4-mini and the configured GPT-5.5
model was not a controlled model benchmark. The smaller model produced less
consistent deductions in the available trial, but this single implementation-specific
observation does not show that only larger models can perform the task. Perfor-
mance may also depend on instructions, retrieved evidence, model version, quantiza-
tion and domain adaptation. A local model was not evaluated on suitable hardware.

5.2 Future Work
Future work should evaluate models such as ModernBERT and Laya across all text-
processing tasks in the project. They are most relevant where TF-IDF is currently
used, since their semantic text representations could be compared directly with the
existing statistical approach, but they may also be useful for semantic labelling,
information retrieval and evidence ranking. The resulting classifiers or retrieval
models could also be exposed as tools to the LLM workflow, allowing the LLM to
search the project text, rank candidate passages and assess whether retrieved evi-
dence supports a requested manual field. The evaluation should reuse the existing
labelled data and consider performance, computational requirements and the feasi-
bility of local deployment. Their suitability should be assessed separately for each
task, particularly because text-only models do not represent page layout or graphical
relationships (Convai Innovations, 2026; Warner et al., 2025).
The LLM-assisted drafting stage was evaluated on only one project. No newly
received project was available for an independent test. Future work should therefore
apply the workflow to new projects without adapting it to their content and have the
generated drafts independently reviewed for correctness, completeness, traceability
and review time.
Explicit connection mapping for P&IDs is another priority. A graph representation
built from components, lines, tags and verified relationships could support flow-path
and segregation analysis more directly than region retrieval. Because an incorrect
connection can have operational consequences, such outputs should expose their
source evidence and remain subject to engineering confirmation.
A production workflow should assess the approved Scanjet questionnaire as an addi-
tional structured source and consistency check. Deployment alternatives should be
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evaluated separately: the current approved cloud LLM with minimized evidence, a
smaller domain-adapted model and a locally hosted model on appropriate hardware.
The comparison should include technical quality, reproducibility, confidentiality, la-
tency, cost and maintenance rather than model size alone.
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A
Detailed Validation Results

This appendix contains the detailed model comparisons and class-wise validation
results referenced in the results chapter. The main chapter retains the results most
directly connected to information retrieval, practical feasibility and the generated
COW manual draft.

A.1 OCR Tool-selection Results
Table A.1 reports the complete practical comparison used to select the OCR imple-
mentation. The comparison was not a standardized OCR benchmark.

Table A.1: OCR source comparison scores.

Method Score
Tesseract (free, local) 33.0 %
ABBYY (licensed, local) 69.0 %
Azure OCR (local Docker container) 88.0 %
Original (embedded text) 100.0 %

A.2 Page-category Validation
The page-category model variants are compared in Table A.2. The confusion counts
and class-wise metrics for the selected model are reported in Tables A.3 and A.4.

Table A.2: Validation accuracy for the page-category model variants.

Model variant Correct pages Accuracy Change
Page TF-IDF only 58/67 86.6 % Baseline
Page + title hybrid 60/67 89.6 % +3.0 pp
Three-way mixed before se-
quence

63/67 94.0 % +4.5 pp

Three-way mixed + sequence 64/67 95.5 % +1.5 pp
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A. Detailed Validation Results

Table A.3: Page-category confusion matrix for the final mixed three-way model
with sequence smoothing. Rows are true classes and columns are predicted classes.

True CP COS IGTV TWS UDP WBS
CP 4 0 0 0 0 0
COS 0 12 0 1 0 0
IGTV 0 0 13 0 2 0
TWS 0 0 0 7 0 0
UDP 0 0 0 0 15 0
WBS 0 0 0 0 0 13
Abbreviations: CP = Capacity Plan; COS = Cargo Oil System; IGTV = Inert Gas
and Tank Ventilation Systems; TWS = Tank Washing System; UDP = Upper Deck
Plan; WBS = Water Ballast System.

Table A.4: Class-wise validation metrics derived from the final page-category con-
fusion matrix.

Class Support Precision Recall F1
Capacity Plan 4 100.0 % 100.0 % 100.0 %
Cargo Oil System 13 100.0 % 92.3 % 96.0 %
Inert Gas/Tank Ventilation 15 100.0 % 86.7 % 92.9 %
Tank Washing System 7 87.5 % 100.0 % 93.3 %
Upper Deck Plan 15 88.2 % 100.0 % 93.8 %
Water Ballast System 13 100.0 % 100.0 % 100.0 %
Macro average 67 96.0 % 96.5 % 96.0 %

A.3 Semantic-labelling Validation
Tables A.5, A.6 and A.7 show selected category-level results for the individual ex-
perts. Table A.8 reports the detailed class-wise result after fusion.

Table A.5: Held-out test split summary for the rules expert. Categories were
ranked by class-wise F1 score.

Group Label Supp. Prec. Rec. F1
Top 1 Equipment::Valve 1154 99.5 % 94.4 % 96.9 %
Top 2 Pipe::Dimension 1564 94.5 % 77.3 % 85.0 %
Worst 1 Equipment::Equipment 611 0.0 % 0.0 % 0.0 %
Worst 2 Pipe::Misc 595 0.0 % 0.0 % 0.0 %
Best vs both 1 Equipment::Ballast pump 29 100.0 % 41.4 % 58.5 %
Best vs both 2 Equipment::Cargo stripping 41 69.2 % 43.9 % 53.7 %
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A. Detailed Validation Results

Table A.6: Held-out test split summary for the dictionary expert.

Group Label Supp. Prec. Rec. F1
Top 1 Pipe::Dimension 1564 73.3 % 95.7 % 83.0 %
Top 2 Equipment::Valve 1154 80.8 % 83.9 % 82.3 %
Worst 1 Equipment::Cargo heating 32 3.9 % 6.3 % 4.8 %
Worst 2 Units::Units 26 3.1 % 73.1 % 6.0 %
Best vs both 1 Units::Mechanics 32 32.3 % 62.5 % 42.6 %
Best vs both 2 Segregation::Segregation 41 72.2 % 95.1 % 82.1 %

Table A.7: Held-out test split summary for the layout expert.

Group Label Supp. Prec. Rec. F1
Top 1 Equipment::Valve 1154 89.9 % 95.1 % 92.4 %
Top 2 Pipe::Dimension 1564 92.6 % 90.6 % 91.6 %
Worst 1 Equipment::Cargo heating 32 0.0 % 0.0 % 0.0 %
Worst 2 Units::Mechanics 32 0.0 % 0.0 % 0.0 %
Best vs both 1 Title::Title 87 77.0 % 54.0 % 63.5 %
Best vs both 2 Units::Capacity 91 83.2 % 86.8 % 84.9 %

III



A. Detailed Validation Results

Table A.8: Class-wise recall, precision, and F1 for the fusion model on the held-out
test split, excluding labels with support below 20.

Category Subcategory Support Recall Precision F1
Compartments Ballast tanks 125 73.6 % 78.0 % 75.7 %
Compartments Cargo tanks 373 83.1 % 84.0 % 83.6 %
Compartments Compartments 331 68.0 % 76.0 % 71.8 %
Compartments Fuel tanks 31 51.6 % 94.1 % 66.7 %
Compartments Misc tanks 21 28.6 % 17.1 % 21.4 %
Compartments Slop tanks 99 93.9 % 83.0 % 88.2 %
Equipment Ballast pump 29 51.7 % 35.7 % 42.3 %
Equipment Cargo heating 32 0.0 % 0.0 % 0.0 %
Equipment Cargo pump 75 69.3 % 48.1 % 56.8 %
Equipment Cargo stripping 41 70.7 % 53.7 % 61.1 %
Equipment Equipment 611 57.3 % 70.0 % 63.0 %
Equipment Misc pump 37 62.2 % 62.2 % 62.2 %
Equipment Tank cleaning 82 80.5 % 88.0 % 84.1 %
Equipment Valve 1154 95.2 % 92.0 % 93.6 %
Medium Medium 48 52.1 % 43.1 % 47.2 %
Pipe Dimension 1564 90.3 % 94.6 % 92.4 %
Pipe Misc 595 66.7 % 65.1 % 65.9 %
Segregation Segregation 41 39.0 % 100.0 % 56.1 %
Title Title 87 52.9 % 78.0 % 63.0 %
Units Capacity 91 86.8 % 84.0 % 85.4 %
Units Geometric 186 81.2 % 58.5 % 68.0 %
Units Mechanics 32 0.0 % 0.0 % 0.0 %
Units Number 62 50.0 % 46.3 % 48.1 %
Units Units 26 7.7 % 33.3 % 12.5 %

A.4 Structural Page Analysis
Table A.9 compares the earlier and deployed page-content models. Table A.10 gives
the dominant-content confusion counts for the deployed model.

Table A.9: Category-wise comparison of the old page-content YOLO model and the
latest merged four-class page-content YOLO model on the same 78-image validation
split.

Category GT Old model New model
P R F1 P R F1

Table 146 89.3 % 91.1 % 90.2 % 85.6 % 89.7 % 87.6 %
Text 66 67.7 % 31.8 % 43.3 % 79.4 % 81.8 % 80.6 %
Piping diagram 57 67.3 % 64.9 % 66.1 % 80.6 % 87.7 % 84.0 %
Drawing 131 67.4 % 67.9 % 67.7 % 76.8 % 90.8 % 83.2 %
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Table A.10: Dominant page-content confusion matrix.

Reference Table Text Piping diagram Drawing
Table 354 1 1 0
Text 4 21 0 0
Piping diagram 0 0 146 0
Drawing 5 0 6 82

A.5 Target-region Detection
Table A.11 reports the combined raw detector results under the project matching
rule. Table A.12 gives the corresponding class-wise detector metrics.

Table A.11: Combined raw YOLO-only performance across label classes. Recall
and precision are reported using the project evaluation rule: a prediction is counted
as a true positive if the ground-truth box center lies inside the prediction or if IoU
≥ 0.1.

Result Recall Precision
Validation proxy 174/206 (84.5 %) 220/263 (83.7 %)
Total proxy 659/1009 (65.3 %) 824/981 (84.0 %)
Validation actual 174/199 (87.4 %) 220/263 (83.7 %)
Total actual 659/858 (76.8 %) 824/981 (84.0 %)

Table A.12: Per-class validation metrics for the deployed LabelFinal YOLO de-
tector. Classes with zero validation support are excluded.

Category Subcategory Support Precision Recall mAP50 mAP50-95
Cargo Segregations 4 39.0 % 100.0 % 74.5 % 50.0 %
Cargo Pump 27 63.9 % 39.4 % 48.8 % 22.1 %
Cargo Stripping 16 75.4 % 76.5 % 83.4 % 33.3 %
Ballast Pump 16 91.4 % 87.5 % 95.9 % 54.6 %
Ballast Stripping 22 34.8 % 40.9 % 32.8 % 13.4 %
Tank Cleaning Heater 4 97.4 % 75.0 % 74.9 % 37.6 %
Inert Gas PV Valve 15 63.7 % 73.3 % 75.3 % 34.9 %
All All 104 66.5 % 70.4 % 69.4 % 35.1 %

A.6 Directed-search Class Results
Table A.13 reports the final directed-search result by class. The two capacity classes
used proxy-recall statistics and are therefore reported separately in Table A.14.
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Table A.13: Per-class validation results for the final directed-search model exclud-
ing proxy-only capacity classes.

Category Subcategory
Box

supp.
Validation
box recall

Validation candidate
precision

Ballast Pump 17 100.0 % 65.9 %
Ballast Stripping 7 100.0 % 40.0 %
Cargo Heating 49 100.0 % 94.6 %
Cargo Pump 77 94.8 % 80.8 %
Cargo Segregations 3 100.0 % 100.0 %
Cargo Stripping 10 100.0 % 32.6 %
Inert Gas Capacity 1 100.0 % 50.0 %
Inert Gas PV Valve 21 90.5 % 51.0 %
Tank Cleaning Heater 6 100.0 % 68.8 %
Tank Cleaning Machine 4 75.0 % 37.5 %
Tank Cleaning Pump 4 100.0 % 50.0 %
All All 199 96.5 % 66.5 %

Table A.14: Separate proxy-recall statistics for the two capacity classes.

Category Subcategory Box supp. Proxy box hits Proxy box recall
Cargo Capacity 4 3 75.0 %
Ballast Capacity 3 2 66.7 %
All Capacity proxy classes 7 5 71.4 %

A.7 Project-level Processing Times
Table A.15 reports the distribution of final-embeddings processing times across the
project groups.

Table A.15: Per-project processing time summary for the full final-embeddings
run.

Scope Projects Pages Total (s) Weighted Mean
Mean Median SD s/page s/page

Overall 36 1012 966.5 632.7 1043.4 34.4 36.7
1. Training 21 656 1052.3 602.5 1228.5 33.7 35.5
2. Validation 5 67 523.3 574.0 206.3 39.1 40.5
3. New 10 289 1008.0 818.0 856.2 34.9 37.2
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B
Software Inventory for the

Metadata Pipeline

This appendix lists all programs developed and used for the whole metadata pipeline
in the thesis work as well as their third-party dependencies.

B.1 In-House Programs Used in the Metadata
Pipeline

Program Role in final pipeline Main pack-
age base

TextExtractor Extracts OCR text and bounding boxes from
PDF pages and writes page-level JSONL out-
put. In the final workflow, this stage supplied
the base text records used by all later stages.

PyMuPDF,
Pillow, Azure
AI Document
Intelligence,
PaddleOCR,
EasyOCR,
pytesseract

TextLabelerML /
TrainFusion3 out-
puts

Produces word-level semantic labels and prob-
ability vectors that are later included in the
final-embeddings files and used for final label
routing and scoring.

PyTorch,
Transformers,
scikit-learn,
RapidFuzz,
sentence-
transformers

Page-category
model

Predicts page categories using four TF-IDF-
based models: page text, title text, PDF name,
and page name, plus an ensemble layer. These
outputs are included in page metadata and are
also used by later capacity-specific rules.

Python stan-
dard library,
TF-IDF mod-
els serialized
from earlier
scikit-learn-
based work
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Program Role in final pipeline Main pack-
age base

Code FinalEm-
beddings v3

Builds the integrated page representation used
by the final labeling workflow. Each page file
includes OCR text rows, text-label outputs,
page-category outputs, page-content YOLO
outputs, LabelFinal YOLO outputs, and page-
level summary statistics.

NumPy,
Pillow,
PyMuPDF,
internal
model arti-
facts

LabelFinal YOLO
project runner

Runs the trained LabelFinal YOLO detector
on project pages using the high-resolution tiled
inference pipeline. Produces box proposals and
confidence scores for the direct label classes.

Ultralytics,
PyTorch,
PyMuPDF,
Pillow

TrainLabelFinalAreaScoreGenerates candidate label areas and scores
them using learned area-level models. Serves
as one of the main decision branches in the fi-
nal hybrid labeler.

PyTorch

TrainLabelFinalMetaRulesApplies metadata-derived rules with learned
weights and a routed hybrid strategy that com-
bines raw YOLO, capacity rules, segregation
rules, pump recovery, PV recovery, and area-
score outputs. This is the main final label se-
lection layer.

PyTorch,
PyMuPDF,
Pillow

Retrieval reranker Reorders candidate excerpts within page/class
groups using a learned retrieval-oriented use-
fulness score. Used after routed prediction to
improve the ranking of exported excerpts.

PyTorch

LabelFinal ex-
cerpt exporter

Produces the final cropped excerpt images
grouped by category under each project folder,
together with timing logs and an index file.
This is the last operational stage of the
pipeline.

PyMuPDF,
Pillow, Py-
Torch, Tk-
inter for the
GUI wrapper

B.2 Third-Party Software used in the Metadata
Pipeline

Software pack-
age

Use in final pipeline Reference

Python Core runtime for all in-house tools. https://www.
python.org/
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Software pack-
age

Use in final pipeline Reference

Azure AI Docu-
ment Intelligence

OCR extraction through the local Azure Doc-
ument Intelligence container mode.

https://learn.
microsoft.
com/en-us/
azure/
ai-services/
document-intelligence/

Azure Core Shared SDK infrastructure for Azure AI Doc-
ument Intelligence.

https://learn.
microsoft.
com/en-us/
azure/
ai-services/
document-intelligence/

PyMuPDF PDF rendering, page geometry handling, and
excerpt image generation. Imported as fitz.

https:
//pymupdf.
readthedocs.
io/

Pillow Image manipulation, masking, crop export,
and drawing operations.

https:
//pillow.
readthedocs.
io/

NumPy Numerical operations in embedding export and
image-processing support code.

https://
numpy.org/

Ultralytics YOLO-based model inference for page-content
and LabelFinal detection.

Ultralytics,
2025

PyTorch Core deep-learning framework for label scoring,
reranking, and model execution.

https://
pytorch.org/

scikit-learn Classical machine-learning support for TF-IDF
page categorization and earlier text-label work-
flows.

https://
scikit-learn.
org/

joblib Model serialization and support utilities in the
classical ML parts of the workflow.

https:
//joblib.
readthedocs.
io/

PaddleOCR Alternative OCR engine available in the extrac-
tion layer.

https://www.
paddleocr.ai/

EasyOCR Alternative OCR engine available in the extrac-
tion layer.

https://
github.com/
JaidedAI/
EasyOCR

IX

https://learn.microsoft.com/en-us/azure/ai-services/document-intelligence/
https://learn.microsoft.com/en-us/azure/ai-services/document-intelligence/
https://learn.microsoft.com/en-us/azure/ai-services/document-intelligence/
https://learn.microsoft.com/en-us/azure/ai-services/document-intelligence/
https://learn.microsoft.com/en-us/azure/ai-services/document-intelligence/
https://learn.microsoft.com/en-us/azure/ai-services/document-intelligence/
https://learn.microsoft.com/en-us/azure/ai-services/document-intelligence/
https://learn.microsoft.com/en-us/azure/ai-services/document-intelligence/
https://learn.microsoft.com/en-us/azure/ai-services/document-intelligence/
https://learn.microsoft.com/en-us/azure/ai-services/document-intelligence/
https://learn.microsoft.com/en-us/azure/ai-services/document-intelligence/
https://learn.microsoft.com/en-us/azure/ai-services/document-intelligence/
https://pymupdf.readthedocs.io/
https://pymupdf.readthedocs.io/
https://pymupdf.readthedocs.io/
https://pymupdf.readthedocs.io/
https://pillow.readthedocs.io/
https://pillow.readthedocs.io/
https://pillow.readthedocs.io/
https://pillow.readthedocs.io/
https://numpy.org/
https://numpy.org/
https://pytorch.org/
https://pytorch.org/
https://scikit-learn.org/
https://scikit-learn.org/
https://scikit-learn.org/
https://joblib.readthedocs.io/
https://joblib.readthedocs.io/
https://joblib.readthedocs.io/
https://joblib.readthedocs.io/
https://www.paddleocr.ai/
https://www.paddleocr.ai/
https://github.com/JaidedAI/EasyOCR
https://github.com/JaidedAI/EasyOCR
https://github.com/JaidedAI/EasyOCR
https://github.com/JaidedAI/EasyOCR


B. Software Inventory for the Metadata Pipeline

Software pack-
age

Use in final pipeline Reference

pytesseract Python wrapper for Tesseract-based OCR sup-
port in the extraction layer.

Smith, 2007;
https://
github.com/
madmaze/
pytesseract

RapidFuzz String-similarity support in text-label assis-
tance and metadata heuristics.

https:
//rapidfuzz.
github.io/
RapidFuzz/

Transformers Transformer model support in the text-labeling
part of the project.

https://
huggingface.
co/docs/
transformers/

sentence-
transformers

Text embedding support in the text-labeling
and semantic-assistance parts of the workflow.

https://www.
sbert.net/

OpenCV General image-processing support in the
YOLO training/inference environment.

https://
opencv.org/

SciPy Scientific computing support in the YOLO en-
vironment and auxiliary numeric workflows.

https:
//scipy.org/

Tkinter Used only for small GUI wrappers, such as the
project excerpt exporter GUI. It is part of the
Python distribution rather than a separate pip
package.

https://www.
python.org/
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C
Plotting Drawings with Embedded

Text in AutoCAD

This appendix describes a practical procedure used to generate PDF drawings with
embedded text from AutoCAD. The purpose of the procedure is to preserve text as
machine-readable content in the exported PDF whenever the source drawing and
font setup allow it.

C.1 Handling Missing SHX Files
When a drawing is opened and AutoCAD reports missing SHX files, the preferred
action is to specify a replacement rather than ignore the warning. Replacing the
missing SHX font with a compatible available font increases the chance that text
objects are displayed correctly in the drawing and can then be represented properly
in the plotted PDF. The replacement-file dialog is shown in Figure C.1.

Figure C.1: AutoCAD dialog for selecting a replacement SHX font file.

C.2 PDF Plot Configuration
For drawings intended for downstream text extraction, it is important that the
output remains vector-based and that the text is not unnecessarily converted into
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image content during export. The AutoCAD PDFSHX setting should be set to 2
so that SHX text is written as searchable PDF text where possible. This can be
accessed by just typing PDFSHX in an an active drawing window and setting it to 2.
After the text resources have been resolved, the drawing can be plotted to PDF.
To ensure the correct result, select an AutoCAD PDF plotter, for example AutoCAD
PDF (High Quality Print).pc3. The corresponding plot configuration is shown
in Figure C.2.

Figure C.2: AutoCAD PDF plot configuration used to preserve machine-readable
text.
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Dataset

The following pages contain the dataset appendix used for this thesis.
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Code Batch Shipyard Text CAD Char Images Vectors CAP COS WBS TCS IGS UDP Total COW-Manual Questionary
SM23328 1 Chinese-1 70 0 625004 0 43 21 16 20 1 101 yes yes
SM24172 1 Korean-1 8805 90 460 0 1 2 1 1 1 6 no yes
SM24404 1 Korean-1 Yes 25043 0 37124 0 5 2 1 2 1 11 yes yes
SM24958 1 Chinese-12 Yes 39832 35 77857 0 5 5 3 4 4 21 no yes
SM00000 1 Chinese-2 0 0 296057 0 2 2 1 2 3 10 no yes
SM22304 2 Chinese-3 4154 95346 1666480 0 55 15 18 27 0 115 no yes
SM24195 2 Chinese-13 Yes 14798 0 38664 0 3 1 1 0 1 6 no yes
SM24238 2 Korean-2 0 57351 58846 1 5 3 2 4 3 18 no yes
SM24310 2 Korean-3 Yes 37725 0 66139 3 1 3 1 1 1 10 yes yes
SM24505 2 Chinese-5 Yes 12732 0 212941 0 0 5 0 0 6 11 no yes
SM24839 2 Chinese-2 0 0 240145 0 6 2 1 3 11 23 no no
SM25045 2 Korean-1 Yes 41640 0 38470 0 4 3 2 4 0 13 no yes
SM25099 2 Chinese-6 2128 24 260280 1 5 4 2 3 1 16 no yes
SM25101 2 Chinese-11 885 225 384700 0 47 25 2 19 1 94 yes yes
SM25112 2 Chinese-2 Mixed 9135 8 176626 1 2 2 1 3 7 16 no yes
SM23305 3 Chinese-8 0 8158 75983 0 1 1 1 1 1 5 yes yes
SM23341 3 Chinese-7 Yes 57966 2 154602 2 5 4 2 2 1 16 yes yes
SM24088 3 Chinese-1 74 0 80401 0 2 2 1 2 0 7 yes yes
SM24108 3 Chinese-3 40573 41739 692513 0 23 21 17 21 9 91 yes yes
SM24115 3 Korean-1 Mixed 19144 13 20721 1 3 2 1 1 1 9 yes yes
SM24142 3 Chinese-2 8223 0 158862 0 2 2 1 3 7 15 yes yes
SM24192 3 Chinese-13 Yes 27010 0 72123 0 2 1 1 2 2 8 yes yes
SM24227 3 Chinese-5 0 0 264196 1 4 2 1 6 2 16 yes no
SM24310 3 Korean-3 Yes 37725 0 66139 3 1 3 1 1 1 10 yes yes
SM24786 3 Korean-2 Mixed 59354 8468 74160 1 6 3 2 4 3 19 yes yes
SM23217 4 Chinese-9 Yes 48977 3 162828 0 7 5 2 6 1 21 yes yes
SM24272 4 Chinese-9 Yes 0 5 66658 0 1 1 1 4 1 8 yes no
SM23427 4 Chinese-10 Yes 53957 1 233480 1 5 8 8 6 5 33 yes yes
SM24147 4 Chinese-11 Yes 81378 0 168789 1 31 3 1 7 1 44 yes yes
SM24799 4 Korean-1 Yes 68553 0 78120 0 9 6 5 4 2 26 yes yes
SM25365 4 Korean-2 Mixed 64507 9006 82568 1 6 3 2 4 3 19 yes yes
SM23391 4 Chinese-8 0 5328 55360 0 2 2 2 4 0 10 yes yes

WBS - Water Ballast System
UDP - Upper Deck Plan

COS - Cargo Oil System

Provided dataset

CAP - Capacity Plan
IGS - Inert Gas and Tank Ventilation Systems

TC - Tank Washing System

PDF data types Pages per category DocumentsProject Embedded textX
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